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Abstract

Over the past decade, predictive risk modelling, using machine learning techniques, has gained
attention in the public sector, especially in child welfare systems, where it has shown poten-
tial in supporting decision-making processes, particularly towards identifying children at risk of
maltreatment and recommending interventions. For example, Allegheny County in the United
States has been using the Allegheny Family Screening Tool as an assistance system to en-
hance child welfare call screening. This system rapidly integrates and analyzes hundreds of
data elements related to individuals involved in child maltreatment allegations and produces a
Family Screening Score that supports decision-making by predicting the long-term likelihood
of future child welfare involvement. A significant concern, however, raised by several authors,
is that poorly designed models may result in biased outcomes, disproportionately impacting
specific demographic groups. In the New Zealand care and protection system, for example,
the over-representation of Māori children could be unintentionally exacerbated by these mod-
els, reinforcing cycles of bias and contributing to unfair decision-making.

While predictive tools in areas such as criminal recidivism and academic admissions have
been widely scrutinized, the fairness of predictive models in child welfare has received far less
attention. Research suggests that this is partly due to the limited availability of such tools,
resulting in fewer being critically examined through the lens of algorithmic fairness. This thesis
aims to address both of these gaps.

By attending to concerns of fairness and predictive bias, particularly regarding ethnicity, this
research investigates predictive accuracy, fairness, and disparities in risk models within the
New Zealand child welfare context. Data from the Statistics NZ Integrated Data Infrastructure
are utilized, and a range of machine learning algorithms, such as logistic regression, LASSO,
and XGBoost, are employed for predictive modelling. Fairness metrics, such as calibration,
accuracy equity, statistical parity, and equalized odds, are also explored. Following the initial
evaluation, an in-processing fairness-aware machine learning approach was implemented to
address observed biases, focusing specifically on reducing disparities in error rates between
Māori children and children from other ethnic groups. The results extensively highlight the
inherent challenges of balancing predictive accuracy with fairness. Such challenges are influ-
enced by data linkage strategies, modelling approaches, and variations in model performance
across demographic groups.

Additionally, this research aims to provide critical insights into the development of fair, effec-
tive, and ethically responsible predictive models, contributing to the broader debate on how
machine learning can support equitable decision-making in child welfare and beyond.
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illustrates the differences in intake, TPR, and FPR between models. The color

gradient represents the magnitude of these metrics, with darker shades indi-

cating higher values, showing how fairness constraints influence the model’s

performance across these groups. . . . . . . . . . . . . . . . . . . . . . . . . . 153

Figure 6.12 Mean predicted probabilities by true outcome for Māori and Non-Māori children
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Table 6.8 Distribution of ethnic groups (Māori, Pacific, and NZ European and Others) across

key records in the Sample Cohort 2017. . . . . . . . . . . . . . . . . . . . . . . . 128

Table 6.9 AUC results with 95% confidence intervals stratified by ethnicity across 1L-5L

linkages for candidate logistic regression models. . . . . . . . . . . . . . . . . . . 133

Table 6.10 Error rate ratios stratified by ethnicity across 1L-5L linkages for candidate logistic

regression models: full logistic regression, refined logistic regression (p<0.1),

and LASSO logistic regression. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

Table 6.11 Predictive performance results of candidate models on the Sample Cohort 2017

(internal testing data) and the Sample Cohort 2018 (external testing data), based

on the standard 50% threshold for binary classification. . . . . . . . . . . . . . . 141

Table 6.12 AUC and DeLong statistical test results for Māori and Non-Māori across candi-
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Chapter 1

Introduction

1.1 Introduction

Risk assessment plays a crucial part in child welfare agencies, also known as child protective ser-

vices (CPS), to identify high-risk cases requiring child protection intervention (Van der Put et al.,

2017). Over the last three decades, child protective services have increasingly relied on risk assess-

ment tools to improve their decision-making processes (Cuccaro-Alamin et al., 2017). Categorized as

either consensus-based or actuarial, the aim is to identify family risk factors and resources to classify

referrals, investigations, and cases into various levels of risk for potential future child maltreatment

(McNellan et al., 2022).

Algorithmic risk assessment tools have been developed in recent years, in a continuous adjustment

as population risk factors change (Putnam-Hornstein et al., 2022; Vaithianathan, Dinh, et al., 2019;

Vaithianathan et al., 2017). Such algorithmic approach to risk assessment follows the empirically

based approach of actuarial risk assessment and makes use of advanced data-driven methods, such

as machine learning, to arrive at the final risk score by an analysis of large, administrative datasets1

(Drake et al., 2020). While studies indicate the superiority of actuarial over consensus-based tools

in predicting adverse outcomes (Baird & Wagner, 2000; D’Andrade et al., 2008; Van der Put et al.,

2017), emerging evidence suggests that algorithmic versions, developed through machine learning

approaches, may surpass both (Putnam-Hornstein et al., 2018; Thurston & Miyamoto, 2018).

Prompted by a study conducted by Vaithianathan (2012), indicating that a predictive risk model can

1Administrative data refers to data collected by the government or other organizations for non-statistical reasons. Ad-
ministrative data includes records for the organization’s routine operations and is often used to evaluate how well an
organization is achieving its’ expected goals.

1
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be developed and validated for New Zealand (NZ) children, the NZ government considered the possi-

bility of incorporating predictive risk models into their child welfare system (Bennet, 2012). According

to NZ government’s "White Paper for Vulnerable Children" (Bennet, 2012), a model of this kind has

the potential to link various characteristics of the child, young person, and their family effectively and

consistently to generate a single measure of overall risk. Subsequently, a series of studies aiming to

evaluate the technical feasibility and ethical risks of the government’s proposal to the prevention of

child maltreatment started to appear in the literature (Blank et al., 2015; Dare, 2013; Ministry of Social

Development, 2014; Rea & Erasmus, 2017; Wilson et al., 2015). In this direction, studies evaluating

the technical feasibility and predictive validity of predictive risk models developed for potential use

within the NZ child welfare system, also referred to as NZ care and protection system, have shown

optimistic results (Rea & Erasmus, 2017; Vaithianathan et al., 2013; Wilson et al., 2015). Additionally,

the NZ government’s "White Paper for Vulnerable Children" (Bennet, 2014) acknowledged that pre-

dictive risk modelling appears promising based on preliminary research, but takes ethical risks and

requires cautious, staged feasibility study, and trials.

The most common concerns mentioned in ethical reviews and staged feasibility studies which are

also the focus of this thesis, include the accuracy and fairness of the models being developed (Blank

et al., 2015; Dare, 2013; Keddell, 2015, 2019; Rea & Erasmus, 2017). Fairness in machine learning

involves addressing algorithmic bias or predictive bias in automated decision processes driven by

predictive models. Decisions made by these models can be considered unfair,2 if they rely on sensi-

tive variables like gender, race, ethnicity, sexual orientation, or disability (Ruggieri et al., 2010).

While various international studies have explored or tested predictive risk modeling within the child

welfare system, with some actively employed by the United States (U.S.) child protective services to

assist with screening-in children upon receiving reports of concern (intake decision-making), there

remains a significant gap in NZ’s exploration of alternative approaches to predictive risk modeling in

the child welfare context (Vaithianathan et al., 2021). Prior research emphasizes the need for height-

ened attention to enhance the accuracy and fairness of child maltreatment predictive risk models,

a dimension that has been comparatively overlooked in the NZ context, particularly in relation to its

impact on ethnic minorities (see Section 3.4 for details).

The NZ Ministry of Social Development most recent project, as reported in (Rea & Erasmus, 2017),

marked the latest effort in this field. Since this project, particularly, no further studies in NZ have

2The use of terms like bias, discrimination, and unfairness is interchangeable throughout this work, aligning with com-
mon practice in the algorithmic fairness literature.
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explored the enhancement and performance of predictive risk models which could potentially be ap-

plied in the initial intake decision-making process by child welfare agencies. One study, by A. James

et al. (2019), examined the effect of incorporating information about a child’s immediate family net-

work on the effectiveness of predictive risk models developed for potential use by child protective

services during the initial intake decision-making process. Although A. James et al. (2019) showed

that including information about a child’s family network can improve the efficacy of predictive risk

models by having fewer predictor variables than other published models, the primary objective was

not to construct an operational model or to surpass the accuracy and fairness of the one developed

in the NZ Ministry of Social Development’s project

Rea and Erasmus (2017) suggest that enhancing the predictive power of predictive risk models can

be achieved by incorporating additional predictor variables. In the Ministry of Social Development’s

project, the final model includes variables related to the child’s mother characteristics, suggesting

the possibility of creating similar variables for the father’s characteristics. Furthermore, they recom-

mend for future attempts that utilizing data from other organizations may contribute to create new

significant predictor variables. For instance, the Department of Corrections data could be employed

to verify whether a child resides in the same household as an adult recently released from prison

for a family violence-related offense. Moreover, in the evaluation of the model’s performance across

various ethnic groups, Rea and Erasmus (2017) found that the number of Māori children and young

people referred to the site (intake decision outcome) using the model was 13% higher than those

referred under the existing intake decision-making practice. This fact highlights the need for further

investigation to better understand these disparities and to ensure that the model accurately identifies

true risks without contributing to any over-representation of Māori within the NZ child welfare system.

There has been debate regarding the use of race in the U.S. context and ethnicity in the NZ context

as predictor variables, due to concerns surrounding racial-stereotypes or race-based allocation of

interventions (Vaithianathan et al., 2013, 2017). A notable example is the ROC*ROI algorithm, de-

veloped in NZ in the late 1990s, which used logistic regression to estimate the risk of imprisonment

and included ethnicity as a predictor variable. This practice was legally challenged in the Waitangi

Tribunal case (WAI1024), which ultimately led to the removal of ethnicity from the model (Johnston,

2021). Consequently, NZ studies have discarded the factor ethnicity as a predictor, yet they employed

it to test the model’s performance across various ethnic groups (Rea & Erasmus, 2017; Vaithianathan

et al., 2013; Wilson et al., 2015). However, the idea of fairness through unawareness has proven in-

effective due to existing correlated variables with the sensitive variable e.g. race (Lum & Johndrow,
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2016). This approach may lead to indirect or unintentional discrimination, a phenomenon also known

as the redlining effect (Žliobaitė, 2017). For example, using zip codes as predictors may inadvertently

reflect racial characteristics due to residential patterns. Additionally, institutionalized racial bias, such

as criminal justice history, introduces other highly correlated predictors with race, emphasizing that

this remains a significant factor (Vaithianathan, Kulick, et al., 2019). Žliobaitė (2017) recommends

the inclusion of protected characteristics, like ethnicity, in the model development process to actively

ensure non-discrimination.

In response to the growing interest in understanding how child maltreatment predictive risk models

might affect minority groups, this thesis takes a crucial step forward in the context of the NZ child

welfare system. While previous research has highlighted concerns about possible unfairness against

specific groups, notably Māori, a significant gap remains in the exploration of fairness-aware ma-

chine learning approaches to tackle accuracy-related concerns, especially in terms of fairness. This

research aims to address this limitation by focusing on predictive risk models employed during the

initial intake decision-making process, a domain that has yet to receive comprehensive exploration in

NZ studies.

Moreover, our work seeks to extend existing literature, particularly the research conducted by Rea

and Erasmus (2017). The approach in this thesis involves generating a novel research dataset using

data accessible in Statistics NZ (Stats NZ)3 Integrated Data Infrastructure (IDI) database system (see

Section 4.1). This dataset integrates information from the NZ Ministry for Children (Oranga Tamariki),

linking it with Census data and administrative data sourced from other government organizations,

such as the Department of Corrections (Ara Poutama Aotearoa), the Ministry of Social Development

(Te Manatū Whakahiato Ora), and the Ministry of Health (Manatū Hauora). By incorporating diverse

data sources, this study aims to explore the potential for improving predictive model performance

through the inclusion of expanded variables, thus contributing to the advancement of predictive risk

modeling in the NZ context. However, the primary focus is not only on improving model performance

in terms of accuracy but also on investigating the impact of these models on the Māori population.

This analysis is not restricted to simply assess model performance; it investigates the potential for

unfairness or discrimination. We aim to uncover subtle details that traditional evaluation metrics might

ignore, offering a more profound insight into how predictive risk models impact various demographic

groups. Additionally, we explore an alternative fairness-aware machine learning method to mitigate

3Statistics NZ Tatauranga Aotearoa is an official data agency and a government department that collects information
from people and organisations through censuses and surveys to provide data and statistics about various aspects of NZ.
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negative impacts on fairness and equity, adopting a more comprehensive approach than simply re-

moving the ethnicity variable from the set of predictors.

1.2 Motivation

In recent years, the surge in the development of advanced predictive analytics tools through machine

learning, coupled with the emerging field of Artificial Intelligence (AI), has sparked a significant in-

crease in interest and research focused on algorithmic fairness or fair machine learning in the public

sector. A pivotal moment in the evolution of this field was the groundbreaking investigative journal-

ism by ProPublica on the COMPAS4 recidivism risk score (Angwin et al., 2016). The COMPAS tool,

widely used in U.S. courts, came under scrutiny for its alleged unfair treatment of African-American

defendants by incorrectly identifying them as high-risk at a higher rate than their white counterparts

(Angwin et al., 2016). Instances of inadvertent discrimination by algorithms have raised concerns

among civil rights unions, governments, regulatory authorities, and researchers, stimulating calls to

address the potential discriminatory effects of algorithmic decision-making (Barocas & Selbst, 2016;

Gavighan et al., 2019; Goodman & Flaxman, 2017). Legal frameworks, such as Recital 71 of the Eu-

ropean General Data Protection Regulation (GDPR), emphasize the need to prevent discriminatory

effects in algorithmic decision-making processes (G. D. P. Regulation, 2018).

Discrimination refers to the unfair treatment of an individual based on their membership in a certain

group rather than individual merits (Ruggieri et al., 2010). Discrimination is expressly prohibited by

national and international legislation, including NZ Human Rights Act 1993, which aims to ensure

fair treatment in accordance with United Nations (UN) agreements. Moreover, the anti-discrimination

laws in NZ extend to decisions made based on predictive models (Gavighan et al., 2019). As em-

phasised by M. K. Lee (2018), breaches of anti-discrimination legislation or ethical standards in or-

ganizational and managerial decisions made based on these models may expose institutions to legal

consequences and have a significant impact on public perceptions. Recognizing that individual rights

against discrimination are crucial but may not be entirely reliable, there is a need for proactive mea-

sures. As recommended by a recent report on government use of AI in NZ, institutions should test

potential discrimination in models before deployment (Gavighan et al., 2019). Consequently, pre-

vention of discrimination is a crucial goal in the machine learning process. While predictive analytics

tools relating to criminal recidivism and academic admissions have received much attention, the tools

4Correctional Offender Management Profiling for Alternative Sanctions (COMPAS) is a case management and deci-
sion support tool developed and owned by Northpointe (now Equivant) used by U.S. courts to assess the likelihood of a
defendant becoming a recidivist.
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of child protective services are far from this point. This is partly due to the limited number of such

tools and the lack of scrutiny on their fairness from an algorithmic perspective.

In this thesis, both gaps are addressed. First, a variety of classification models are developed to

predict adverse outcomes within the NZ child welfare context, with a particular focus on variations

of logistic regression. These models assess the risk for children at the time of notification and iden-

tify those at higher risk of future adverse outcomes. Next, fairness-aware procedures are applied to

address potential predictive bias, with detailed reasoning provided for each decision to ensure trans-

parency and equity in predictive outcomes.

Prior studies across domains such as recidivism risk, credit risk, or employment have introduced

diverse approaches to fairness-aware machine learning. These approaches are typically classified

into three methods: pre-processing, in-processing, and post-processing, depending on where the

emphasis lies in addressing discrimination (see Section 3.6). However, two general issues arise with

these existing methods. First, there is a lack of consensus on how to assess the fairness of algo-

rithms, likely due to the evolving nature of the field, which has placed researchers in an exploratory

phase. This diversity, driven by the absence of a unifying framework, has resulted in the proposal

of sometimes inconsistent measures, making it difficult to assess the effectiveness and applicability

of current approaches. Second, each discrimination prevention method is often tailored to specific

domains, limiting their generalizability to other variables or grounds of discrimination. As a result,

there is no widely accepted method for preventing discrimination across different contexts.

This thesis also aims to identify and examine fairness metrics and notions specifically relevant to

child welfare data and predictive models. By systematically exploring discrimination prevention ap-

proaches, we seek contributions to the development of fairer predictive risk models in the child welfare

domain, addressing a critical gap in the current literature on algorithmic fairness.

1.3 Research Objectives

Our overall purpose is to utilize linked administrative data at the individual level to explore options for

adjusting and creating a more accurate and fair predictive risk model for assessing the likelihood of fu-

ture child maltreatment. The ultimate goal is to propose a model suitable for adoption in the NZ child

welfare system with emphasis on conducting systematic inquiries into the potential discriminatory

risks associated with developing child maltreatment predictive risk models using machine learning

algorithms. We particularly focus on the Māori population.
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This study is expected with a significant benefit to the research community, child welfare systems,

and children. Firstly, it aims to provide practical solutions and awareness measures in response to

the concerns raised about potential unfairness effects associated with using predictive risk model-

ing within the NZ child welfare system. By addressing these concerns, there is an opportunity for

the government to progress towards the implementation phase, ensuring a more equitable and ac-

curate model. The insights generated are expected to enhance the understanding of researchers

and policymakers regarding the potential risks of discrimination in government use of algorithms in

decision-making.

Secondly, our study offers a technical explanation of the measures that can be applied to address un-

fairness in algorithms. By communicating the degree of fairness achieved through machine learning

approaches, we aim to foster greater trust in the utilization of these methods. Although the focus of

this research is on discrimination or unfairness prompted during the mechanism of developing mod-

els for predicting the risk of child maltreatment, the analysis in this study can be translated to many

other risk prediction settings.

Next, developing a more accurate and fairer predictive risk model will improve the ability of child pro-

tection staff to make more efficient and consistent decisions. It can assist child welfare agencies to

avoid unnecessary investigations, which are costly for the system, and troublesome for the families.

For example, in cases where children from a specific ethnic group are incorrectly labeled as high risk,

due to the discriminatory behavior of the model. Finally, it will have an impact on the lives of children

and their families who are at risk of maltreatment by identifying their risk score more accurately and

preventing severe future outcomes.

1.4 Research Questions

This study aims to investigate the following areas of inquiry using administrative data from the NZ

population, with a particular focus on Māori children:

1. Factors affecting the accuracy of risk models in the child welfare domain.

2. Factors contributing to bias in algorithms predicting adverse child welfare outcomes.

3. Development of more accurate and less discriminatory predictive risk models.

4. The extent to which child welfare authorities can mitigate discriminatory algorithmic behaviors.

5. Technical solutions for improving algorithmic fairness.
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By exploring these inquiries, this study seeks to provide valuable insights into the intersection of pre-

dictive risk modeling, fairness, and child welfare in NZ, with particular emphasis on the experiences

of Māori children as the Indigenous people of Aotearoa.

1.5 Outline

This thesis consists of nine chapters. Chapter 2 provides essential background information, offering

a comprehensive overview of the NZ care and protection system. It covers the historical development

of the NZ child welfare system, current assessment processes, and the use of screening tools such

as the Decision Response Tool (DRT).

Chapter 3 reviews the relevant literature on predictive risk modeling in the child welfare domain, high-

lighting the increasing use of machine learning algorithms and the associated challenges of accuracy

and fairness. This chapter identifies key gaps in the current body of work and establishes the need

for further research into ethical concerns and bias mitigation in predictive modeling.

Chapter 4 introduces the data sources and software tools utilized throughout this research, including

the development of a novel dataset from the Stats NZ IDI.

Chapter 5 outlines the research methodology, detailing the data preparation, sample selection, and

analytical techniques employed to develop and evaluate the predictive models. It also describes the

fairness-aware machine learning approach applied to address disparities in model performance be-

tween Māori children and children from other ethnic groups.

Chapter 6 presents an in-depth analysis of the empirical results, thoroughly evaluating model per-

formance and fairness metrics across subgroups, with particular emphasis on addressing disparities

between Māori children and other ethnic groups.

Chapter 7 interprets the findings in relation to the research questions and the broader child welfare

context, summarizing the key contributions, implications, and recommendations for future research.

Chapter 8 offers two supplementary analyses prompted by the primary findings of this thesis, provid-

ing additional insights and implications.

Finally, Chapter 9 addresses the ethical considerations associated with conducting research on pre-

dictive risk modeling within the NZ child welfare context and outlines the steps taken to meet the

requirements of the AUT Ethics Committee (AUTEC).



Chapter 2

Background

2.1 Introduction

The purpose of this chapter is to provide background information relevant to this work and the sub-

sequent chapters by presenting an overview of the current state of the assessment system within

the NZ care and protection system. It is important to acknowledge that the information provided in

this chapter is gathered at the time of writing this thesis and may undergo changes due to policy and

practice adjustments within the NZ care and protection system.

This chapter commences with Section 2.2, offering a comprehensive overview of the evolution of the

child welfare system in NZ over recent decades, tracing its origins to the present day. Section 2.3

outlines the current child protection assessment process, including the three phases of initial, core,

and full assessment, along with considerations within each phase. Section 2.4 describes current

screening or intake decision-making process upon receiving notifications, exploring the utilization of

an intake Decision Response Tool (DRT). In Section 2.5, the current international status regarding the

use of predictive risk models by child protective services is explored, concluding with a brief summary

in Section 2.6.

2.2 New Zealand Child Welfare System

The concept of child welfare refers to the provision of care for children who are suffering from in-

adequacies in their household environment or parenting. Among the primary objectives of early NZ

governments was to improve the health of children and mothers as a means to promote reproduction,

stabilize communities, and increase the country’s population by providing child welfare services (M.

9
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Baker & Plessis, 2018).

For a considerable period, this responsibility was one of the most important aspects of Department of

Education operations until it was formally revised as Child Welfare Act 1925 (Archives New Zealand,

2022). As a response to this development, a dedicated branch called the Child Welfare Branch was

established within the Department of Education (Archives New Zealand, 2022; New Zealand Govern-

ment, 2023). After its establishment in 1926, the branch took responsibility for all children’s welfare,

regardless of care setting. A superintendent of child welfare was then appointed, reporting to both

the minister of education and the minister in charge of welfare (New Zealand Government, 2023).

The child welfare system in NZ has undergone various reforms and changes over the years, reflect-

ing evolving societal perspectives and approaches to child welfare and protection (Keddell, 2018).

By virtue of the Child Welfare Amendment Act 1948, the child welfare branch of the Education De-

partment became an independent department with its own minister (Archives New Zealand, 2022),

hence renamed as the Child Welfare Division (New Zealand Government, 2023). Later on April

1, 1972, the division was unified with the Social Security Department to form the Department of

Social Welfare (Ministry of Social Development, n.d.). Accordingly, children came under the care of

the Department of Social Welfare. However, residential special schools for hearing impaired, malad-

justed, and backward children remained under the jurisdiction of the Department of Education (New

Zealand Government, 2023).

On May 1, 1992, the Department of Social Welfare was restructured into business units, including the

Children and Young Persons Service (Ministry of Social Development, n.d.). Following the merger

of the NZ Children and Young Persons Service and the NZ Community Funding Agency in 1999, this

service was renamed as the Children, Young Persons, and their Families Agency (New Zealand

Government, 2023). Later in the year, this agency became the stand-alone Department of Child,

Youth and Family Services known as Child, Youth and Family (CYF), and finally, on July 1, 2006,

the CYF became a service line of the Ministry of Social Development (Ministry of Social Develop-

ment, n.d.).

In 2015, an Expert Advisory Panel was formed to review the NZ child welfare system with the aim of

enhancing the care and protection of children in NZ. This panel actively sought input from iwi (tribe)

and Māori, as well as tamariki (children) and rangatahi (young people), along with whānau (extended

family) and caregivers (Oranga Tamariki, 2022). Through this inclusive approach, participants were

able to share their personal experiences and outcomes. Based on the insights gained from these
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conversations and in alignment with commitments under Te Tiriti o Waitangi (The Treaty of Waitangi),

Oranga Tamariki—Ministry for Children was established in 2017 (Oranga Tamariki, 2022). Since

then, Oranga Tamariki has been responsible for overseeing the welfare of children and young people

throughout NZ.

2.3 New Zealand Child Protection Assessment System

According to Section 15 of Oranga Tamariki Act 1989, any person who believes that a child or young

person has been, or is likely to be harmed, abused (whether physically, emotionally, or sexually), ne-

glected, or who has concerns about the well-being of a child or young person, may report the matter

to the chief executive or constable. Notifications can come in the form of calls, emails, in person,

fax, or an automated record such as in the case of police family violence referrals, from a range of

notifiers, including family members, members of the wider community, healthcare providers, schools,

or legal entities (Oranga Tamariki, 2023d).

Following the receipt of a notification, social workers assigned to the case assess the matter and

determine the appropriate course of action for te tamaiti (the child) and their whānau or family. Ac-

cording to Oranga Tamariki, assessment is an ongoing process of building understanding to inform

whānau or family and professional decision-making. This understanding is built across three phases:

initial assessment, core assessment, and full assessment (Oranga Tamariki, 2023g). Throughout

each phase, a key decision must be made, which determines the purpose of that phase of assess-

ment and whether the next phase of assessment is necessary. Additionally, the information collected

in the preceding phases is used to guide the decision-making process for the current phase (Oranga

Tamariki, 2023g). Figure 2.1 depicts the assessment process phases.5

2.4 Intake Decision Making Process

Social workers follow a structured decision-making process to evaluate if the level of concern re-

ported regarding a child meets the threshold for Oranga Tamariki involvement, and if it does, how

quickly they may need to respond.

The intake decision, as represented in Figure 2.1, is mainly based on the information collected during

5This map was created based on Oranga Tamariki’s internal intakes map, shared with us by their research team. The
original intake map is exclusively for internal use within Oranga Tamariki and cannot be included here.
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Figure 2.1: Short description of the Oranga Tamariki assessment process.

the initial assessment phase. The purpose of this phase of assessment is to gather quality informa-

tion and develop a chronology to assist in deciding the best response and appropriate level of support

for te tamaiti and their whānau or family (Oranga Tamariki, 2023f). In this phase, the critical sources of

information are considered, specifically the initial report, the notifier, and a chronology combining rel-

evant information that would provide a picture of te tamaiti and their whānau or family. The chronology

highlights harmful cumulative patterns and previous responses to reports of concern. This process

allows for the recognition of significant events that have influenced both te tamaiti and their whānau

or family (Oranga Tamariki, 2023f). Social workers may also engage in direct communication with te

tamaiti and their whānau, or seek information from external agencies, including schools, healthcare

professionals, early childhood educators, non-governmental organizations, and iwi who know them.

Additionally, a standardized intake Decision Response Tool (DRT) is used to guide social workers

in analyzing key factors, including age, disability, the notifier’s relationship to the child, cumulative

harm, trauma, and the child’s care status (Oranga Tamariki, 2021). This tool assists social workers

in determining the appropriate response and time frame, which can range from no further action to

investigation. Several other factors are considered when responding to reports, including the family’s

responsiveness, protective measures in place, relationship dynamics, child vulnerability, willingness

for assistance, the availability of local services, and any previous offenses committed by the child

(Oranga Tamariki, 2023c).
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The initial assessment determines the level of concern and the urgency of involvement with Oranga

Tamariki, leading to four potential pathways: no further action, referral to services (also known as

partnered response), child family assessment, or investigation. If the social worker makes an as-

sessment concerning serious abuse or neglect, and a joint approach between the Police and Oranga

Tamariki is required, then an investigation is likely to be recommended. In cases where less seri-

ous abuse or neglect is suspected, they recommend a child family assessment (Oranga Tamariki,

2023h). Social workers usually determine the time frame for completing the safety and risk screening

based on the severity of the situation. If a child is seriously harmed or is at immediate risk of serious

harm, Oranga Tamariki must take action within 24 hours to ensure their safety. If protective factors

are present, this time frame is extended to 48 hours. For all other cases, the assessment is com-

pleted within 10 working days (Oranga Tamariki, 2023i). Since circumstances can change rapidly,

any developments or changes that may occur are addressed to ensure that the appropriate actions

are taken in a timely manner. The referral to services pathway is recommended when support from

another agency, iwi, or cultural social service is likely to achieve positive outcomes (Oranga Tamariki,

2023f). Table 2.1 provides additional information on the pathways and urgency response categories

available to intake decision-makers.

Moreover, as outlined in Table 2.1, children who receive an intake outcome during the initial as-

sessment phase are referred for investigations, child family assessments, or services (partnered

response). The subsequent core phase of assessment builds on the initial assessment outcome and

is undertaken for children referred for a child family assessment or investigation (Oranga Tamariki,

2023h). During this phase, the social worker draws conclusions on the safety, strengths, vulnerabil-

ities, and needs of te tamaiti and their whānau or family. The outcome may involve further action,

referral to services, or no further action, depending on the identified concerns and the level of harm

experienced by te tamaiti (Oranga Tamariki, 2023e).

Cases with substantiated abuse findings or further action required outcome from the core assess-

ment proceed to the full assessment phase, where the goal is to achieve a comprehensive under-

standing of te tamaiti and their whānau or family situation. This involves identifying their complete

range of needs, ensuring long-term physical and psychological safety, evaluating the family’s ability to

meet those needs, and recognizing the child’s potential. Social workers will use the information col-

lected during this phase to inform the family at the Family Group Conference (FGC)6 and to improve

6Family Group Conference (FGC) is a formal meeting where child protective services and the extended family of
children work together to develop a plan to address any care and protection concerns, needs or well-being issues relating
to the child.
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Table 2.1: Pathway and urgency response categories.

Pathway/Urgency Description

Intake - Further Action Required (FAR)
Investigation
24 hours, 48 hours

When there is an allegation relating to sexual abuse,
physical abuse, and neglect, or cases where the
actions of an adult may constitute a criminal offence
against the child, as defined in the Child Protection
Protocol (CPP) (New Zealand police & Oranga
Tamariki, 2021).

Child Family Assessment (CFA)
24 hours, 48 hours, 10 working days

If the child has undergone or is at risk of enduring
severe harm, and/or if the concerns are significantly
affecting their development, safety, health, or overall
well-being, without necessarily indicating abusive
actions that might constitute a criminal offense.

Partnered Responses (PR)
No urgency

When positive outcomes can be achieved through
support from another agency, iwi, or cultural social
service, and the needs of the child can be addressed
or minimized with the assistance of other
professionals or services, provided there are
indications of the family being receptive to such
support.

No Further Action (NFA)
Contact Record (CR)
No urgency

When the report lacks substance, and/or the
concerns do not indicate harm to the child, or the
concerns are being adequately addressed by others.

quality planning for te tamaiti. Collaboration with core professionals, involving relevant ethnic com-

munity and spiritual leaders, also contributes to a full understanding of te tamaiti and their whānau or

family. In this phase, a safety plan will be in place to support the family to take care of the child until

a FGC plan is developed. The safety plan is regularly reviewed with all involved parties to assess

changing needs and ensure the ongoing safety and well-being of te tamaiti (Oranga Tamariki, 2020).

2.5 Use of Predictive Analytics Tools for Intake Decision Making

Internationally, predictive risk models to assist social workers in identifying children at high risk of

future maltreatment have been initiated by various governmental welfare authorities. Several states

across the U.S. are actively testing or implementing predictive tools within their child welfare systems.

Many other authorities worldwide are also interested in the implementation of these tools (Glaberson,

2019). Table 2.2 provides an overview of predictive risk modeling applications by child welfare agen-

cies in the U.S.

The Eckerd Rapid Safety Feedback Tool (ERSFT) is one of the earliest tools developed by "Eckerd
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Connects," a national multi-service child welfare agency in Hillsborough County, Florida. It worked

toward mitigating child fatalities and serious injuries in Hillsborough County, employing predictive risk

modelling and key risk factors to identify cases at high risk of adverse outcomes (Eckerd, 2014). Ini-

tiated in 2014, the tool saw statewide implementation and adoption in multiple states by early 2017.

Eckerd reported a reduction in repeat maltreatment (7.09% to 5.58%) and zero child abuse-related

fatalities three years after ERSFT implementation. However, limited information on the tool’s model

development process and performance measures raises concerns about its transparency. Blank et

al. (2015) criticised the ERSFT, claiming that the algorithm has commercial purposes and therefore

is not transparent.

Several other predictive risk models have been generated to support social workers during the ini-

tial screening or intake decision-making process. Examples of such models include the Allegheny

Family Screening Tool (AFST), the Douglas County Decision Aid (DCDA), and the Larimer Decision

Aid Tool (LDAT) (Allegheny County, n.d. Centre for Social Data Analytics, 2022, n.d.). Other models

have been designed to improve the allocation of support and services as part of an early intervention

prevention strategy (Allegheny County Analytics, 2023; Putnam-Hornstein et al., 2022).

Allegheny County in Pennsylvania developed the AFST to assist hotline workers in deciding whether

screening a child in and carrying out an investigation is necessary. Unlike ERSFT, Drake et al. (2020)

believe that AFST is perhaps the most carefully assessed predictive risk model in use by a Child

Welfare agency. This tool was developed over several years and involves a series of publications

describing its nature (Chouldechova et al., 2018; Vaithianathan, Kulick, et al., 2019; Vaithianathan

et al., 2017), ethical reviews on its use (Dare & Gambrill, 2017), the process evaluation (Hornby

Zeller Associates, 2018), and a full impact evaluation on Allegheny County’s decision-making process

(Goldhaber-Fiebert & Prince, 2019). The AFST is developed using an integrated database system

that incorporates data sources from child welfare, corrections, and health. In Allegheny County, re-

ports of concern or referrals are received through emails or calls, and social workers are responsible

for making screening or intake decisions. This process is very similar to the intake decision-making

process in the NZ child welfare system, as represented in Figure 2.1.

In 2014, the NZ Ministry of Social Development initiated a project to explore the application of pre-

dictive risk modelling in the intake decision-making process within their child welfare agency known

as CYF at the time. The primary goal was to assess whether predictive risk models could enhance

decision-making in cases concerning a child or young person. This project involved a model develop-

ment process, pre-testing of trial materials, and a trial at CYF National Contact Centre. The Ministry



CHAPTER 2. BACKGROUND 16

of Social Development believed that consolidating relevant administrative data into a systematic mea-

sure, termed a "Background Risk Indicator," could benefit social workers in making intake decisions.

The project’s overall finding suggests that this tool has the potential to improve care and protection

intake decisions. The trial results indicated that when successfully employed, the Background Risk

Indicator influences social workers’ decision-making in a safe and accepted manner, indicating po-

tential positive outcomes for NZ children, young people, and their families (Rea & Erasmus, 2017).

However, ongoing efforts are needed to enhance the models’ predictive accuracy and fairness. The

proposal to integrate predictive risk modelling into the NZ child welfare system was temporarily halted

in 2015 due to ethical concerns and validation issues (Vaithianathan et al., 2021). The NZ govern-

ment is currently refraining from employing predictive models in its intake decision-making process

within the child welfare context, pending further research to resolve these issues. For a complete

report on this project, refer to (Rea & Erasmus, 2017).

2.6 Conclusion

This chapter provided a background on the evolution of the child welfare system in NZ, tracing its de-

velopment from its earliest origins up to the establishment of Oranga Tamariki—Ministry for Children

in 2017. To facilitate the comprehensive understanding of the research design in this thesis, the cur-

rent child protection assessment process, including its phases and considerations, was outlined. This

background knowledge serves as a foundational guide for navigating the subsequent chapters, par-

ticularly in understanding the process of constructing the research dataset, developing predictive risk

models, and their potential application at specific decision points, especially intake decision-making.

The discussion extended beyond the national context to explore international efforts in predictive risk

modeling within child welfare, highlighting tools such as the AFST. This exploration highlights the po-

tential effectiveness of these models as support tools, contingent upon the resolution of ethical and

technical challenges.

While promising results have been observed in NZ regarding the feasibility of predictive risk model-

ing in the child welfare context, continuous efforts are essential to address concerns related to the

accuracy and fairness of these models. The decision to postpone implementation in NZ emphasizes

the need to resolve these issues through ongoing research before moving towards integration. This

cautious approach ensures a robust foundation for potential implementation, aligning with the impor-

tance of upholding ethical standards, and validation precision when utilizing predictive risk models

during the intake decision-making process.
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The following chapter will review existing studies on predictive risk modeling in child welfare, em-

phasizing the methodologies used to address ethical concerns and potential biases. This review

will provide a foundation for understanding the challenges and opportunities in creating equitable

predictive models that are both effective and fair.
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Table 2.2: Examples of predictive risk modelling applications by U.S. child welfare agencies.

Application Jurisdiction Usage Area Status References
Eckerd Rapid Safety Feedback
Tool (ERSFT)

Colorado, Connecticut,
Hampshire, Maine,
Louisiana, New Ohio,
and Oklahoma child
welfare authorities.

Identification of open cases
with a high risk of abuse.

Alaska, Connecticut, Illinois,
Louisiana, Ohio, and
Oklahoma jurisdictions
discontinued the use of
ERSFT approach.

(Eckerd, 2014)
(Parker et al., 2022)

Allegheny Family Screening Tool
(AFST)

Allegheny County
Department of Human
Services (DHS),
Pennsylvania.

Assisting decision-making
during the initial referral
intake process.

Implemented. (Allegheny County,
n.d.)

Hello baby Allegheny County
Department of Human
Services (DHS),
Pennsylvania.

Prioritizing families with
newborns for support within
the high-needs category and
priority tiers of the "Hello
Baby" prevention program.

Implemented. (Allegheny County
Analytics, 2023)

Douglas County Decision Aid
(DCDA)

Douglas County
Department of Human
Services (DHS),
Colorado.

Assisting decision-making
during the initial referral
intake process.

Launched as a year-long
randomized controlled trial in
February 2019, with ongoing
evaluation to assess its
impact on long-term
outcomes.

(Centre for Social Data
Analytics, n.d.)
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Table 2.2 Continued from previous page
Application Jurisdiction Usage Area Status References
Los Angeles (LA) County Risk
Stratification Model

Los Angeles (LA)
County Department of
Children and Family
Services (DCFS),
California.

Improving the allocation of
supervision and
management resources to
protect children and ensure
families receive vital services
during and after a
maltreatment investigation.

After an 18-month planning
period, launched in three
regional offices:
(1) Belvedere,
(2) Lancaster,
(3) Santa Fe Springs.

(Putnam-Hornstein
et al., 2022)

Northampton County “Decision Aid
Tool” (DAT)

Northampton County
Department of Human
Services (DHS),
Pennsylvania.

Supporting county
caseworkers in assessing a
child’s risk for abuse and
neglect, and determining the
necessity of an investigation.

Conducted community and
stakeholder consultations,
now in the process of
deploying an initial tool.

(Wandalowski &
Vaithianathan, 2023)

Larimer Decision Aid Tool (LDAT) Larimer County
Department of Human
Services (DHS),
Colorado.

Assisting the RED team
(Review, Evaluate, and Direct
team) in decision-making
during the referral process.

As of the Larimer County
Board of Social Services
meeting on November 13,
2023, Larimer concluded a
Randomized Control Trial
(RCT) research study to
assess the impact of using
LDAT.

(Centre for Social Data
Analytics, 2022)





Chapter 3

Literature Review

3.1 Introduction

Child welfare agencies are increasingly using predictive risk models developed through machine

learning algorithms to predict potential adverse outcomes and assist in their screening decision-

making processes (Allegheny County, n.d. Centre for Social Data Analytics, n.d. Putnam-Hornstein

et al., 2022). However, recent, yet growing evidence indicates a potential for these tools to inadver-

tently amplify biases (Barocas & Selbst, 2016; Pedreschi et al., 2009; Zliobaite, 2015). Ethical reviews

and feasibility studies on the use of predictive risk modeling in the child welfare context consistently

highlight concerns, with the accuracy and fairness of the developed tools being the most prevalent

(Blank et al., 2015; Dare & Gambrill, 2017; Ministry of Social Development, 2014). Consequently,

exploring how researchers have addressed ethical concerns, disparities, bias, and the performance

of models in their design and evaluation of algorithmic risk assessment tools within the child welfare

domain is imperative.

Predictive risk models are developed using historical data and machine learning algorithms (Kuhn &

Johnson, 2013). In the child welfare context, the data used by predictive risk models to predict an

adverse outcome are often extracted directly from the child welfare agency’s database system and in-

clude records of interactions with the children and their families. Depending on the jurisdiction, these

records may be linked to government-collected administrative data from various agencies, including

health, criminal justice, and education (Centre for Social Data Analytics, n.d. Vaithianathan, Kulick,

et al., 2019; Vaithianathan et al., 2017; Wilson et al., 2015). Subsequently, the strategic selection

of data sources and the encoding of predictor variables to develop a predictive risk model rely on

the recognition of child maltreatment risk factors. Thus, a comprehensive understanding of these

21
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risk factors is crucial to identify variables that offer more accurate predictions of adverse outcomes

such as child maltreatment. This topic is covered in Section 3.2 and Section 3.3 with a focus on the

prevalent child maltreatment risk factors found in literature.

Having outlined the importance of recognizing child maltreatment risk factors and their role in devel-

oping predictive models, the subsequent sections, starting with Section 3.4, provide an overview of

technical methodologies employed in previous studies, including a critical examination of how ethics,

fairness, and bias are addressed in their methodological practices. Section 3.5 explores factors in-

fluencing the accuracy and fairness of predictive risk models during development and Section 3.6

delves into fairness-aware machine learning techniques, offering a deep understanding of the rele-

vant notions of fairness, particularly in the context of predictive risk models for child maltreatment.

This chapter plays a vital role as it examines the methods currently used to address unfairness and

bias within the machine learning process. Crucially, this structured literature review seeks to pro-

vide a thorough understanding of predictive risk modeling in the child welfare context, covering a

broad spectrum from identifying risk factors to exploring methodological considerations and ethical

implications.

3.2 Correlates and Risk Factors

In risk-outcome research, the terms correlate and risk factor have been frequently used inconsis-

tently and imprecisely. This misuse has led to inaccurate conclusions and recommendations in policy

and research, lacking empirical support (Kraemer et al., 1997).

A risk factor refers to a characteristic, experience, or event that increases the likelihood (risk) of a spe-

cific negative outcome when present (Kazdin et al., 1997; Kraemer et al., 1997). Although a correlate

is similarly associated with an increased likelihood of an outcome, there are two key differences be-

tween a risk factor and a correlate. Firstly, risk factors precede the outcome, whereas correlates are

measured at the same time or after the outcome. For example, while exposure to parental neglect (a

risk factor) may lead to behavioral problems in a child, low academic performance (a correlate) may

be a consequence of those behavioral problems rather than a direct cause. Therefore, correlates may

be the result of the outcome’s effects. Secondly, risk factors enable the classification of populations

into high-risk and low-risk subgroups, with the probability of the outcome being significantly higher in

the high-risk group than in the low-risk group (G. S. K. Chung, 2021). Consequently, risk factors can

function as predictor variables in predictive modeling, helping to estimate the likelihood of specific

outcomes (Cuccaro-Alamin et al., 2017).
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According to the definition provided by Kazdin et al. (1997), three types of risk factors have been

identified. The first type is a fixed marker, representing a risk factor that cannot be changed, such

as gender, date of birth, and historical events. The second type is a variable marker, where the risk

factor can be demonstrated to change (e.g., age) or can potentially be altered (e.g., parenting skills).

The third type is a causal risk factor, which directly influences the likelihood of the outcome when

altered. Empirical evidence supports the mechanisms that explain how this type of risk factor con-

tributes to the outcome. For instance, research has demonstrated that harsh parenting increases the

risk of child physical abuse, making it a clear example of a causal risk factor (S. J. Lee et al., 2014).

Distinguishing between these types of risk factors and correlates is crucial, as it directly influences

intervention targets and the accuracy of risk assessments in child welfare settings. For example, if a

correlate is mistaken for a causal risk factor, interventions may focus on characteristics that do not di-

rectly impact the outcome, resulting in ineffective or misguided policies. Causal risk factors, however,

can be used as both predictors and valuable intervention targets, as modifying them directly affects

the likelihood of an adverse outcome. While non-causal risk factors can also serve as predictors, they

may be less effective, and correlates are typically poor predictors and ineffective intervention targets

(Franklin et al., 2017).

Although this thesis does not focus on investigating specific characteristics as risk factors for child

maltreatment, understanding these factors through a review of the literature contributes to identify-

ing information that can be used to develop predictors from administrative data to forecast adverse

outcomes, such as child maltreatment.

3.3 Child Maltreatment Risk Factors

Child maltreatment risk factors have been extensively documented over the past few decades. A

significant portion of these studies draws upon Belsky’s developmental-ecological model of child mal-

treatment, as illustrated in Figure 3.1. Belsky (1980) suggests that the socio-ecological model (the

Ecology of Human Development) proposed by Bronfenbrenner (1977) can be used to conceptualize

the various factors contributing to the etiology of child maltreatment. The model consists of a series

of nested environments that capture principal contexts related to human health and development,

including the individual, interpersonal, community, and societal levels. The model demonstrates that

an individual’s immediate environment (i.e., individual and interpersonal levels) is influenced by the

greater conditions surrounding the individual (i.e., the community and societal levels) (Bronfenbren-

ner, 1977).
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According to Belsky’s model (Figure 3.1), child maltreatment risk factors are organized into four lev-

els: Micro, Meso, Exo, and Macro. The first level, Micro, focuses on individual factors. Some of these

factors are associated with parents, while others are related to the child. For the Meso level, attention

is directed towards family dynamics and communication within the family. This involves interactions

between parents and their children or between parents themselves. The third level, Exo, examines

the family’s social system, including informal support, formal support based on government policies,

and community support. Finally, the fourth level, Macro, considers cultural or social norms, laws, and

policies. For instance, using physical force as a disciplinary method is a cultural risk factor (Macro).

Additionally, specific government policies that increase the risk of negative outcomes for children and

families fall under the Macro level.

However, it’s important to acknowledge that certain child maltreatment risk factors may belong to

multiple levels. Therefore, understanding the complex relationships between these risk factors across

different levels is crucial. For example, a mother’s unemployment can be seen both as an individual

risk factor (Micro), concerning her job-seeking challenges, and as a community factor (Exo), influ-

enced by the overall unemployment rate in the community.

In Belsky’s model, the Micro level involves individual factors concerning both parents and children.

To clarify the review of child maltreatment risk factors, we subdivided this level into two groups: child

level and caregiver-level risk factors. Additionally, since the Meso level aligns with family character-

istics, we included another group called family level risk factors. Finally, risk factors at the Exo level

are grouped into community level risk factors. It’s important to note that societal-level (Macro) risk

factors are beyond the scope of this study and will not be considered in this thesis. Consequently,

this review categorizes child maltreatment risk factors into four distinct groups: child level, caregiver

level, family level, and community level.

3.3.1 Child Level Risk Factors

Although no child is responsible for their experiences of abuse or neglect, there are certain character-

istics that may increase the risk of maltreatment. Some common factors that have been identified in

the literature include age (A. E. Austin et al., 2020; Avdibegović & Brkić, 2020; G. Chung et al., 2022;

Hindley et al., 2006; Walker & Wamser-Nanney, 2022; O. G. White et al., 2015), gender (Moody

et al., 2018), and special healthcare needs or disabilities (Byrne, 2018; Hibbard et al., 2007; R. White

et al., 1987).

A child’s disability is often believed to place greater demands on their caregivers, which may exceed
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Figure 3.1: Belsky’s developmental-ecological model of child maltreatment.

their capacity to meet the child’s needs (G. S. K. Chung, 2021). In certain situations, when stress

levels rise, there’s a higher chance that a child might experience abuse (Hibbard et al., 2007).

With respect to gender, Moody et al. (2018) reviewed 337 study reports which provided prevalence

rates of child maltreatment based on self-reports from either adults or children. The findings indicated

that girls had higher rates of maltreatment than boys across all categories of abuse. Previous studies

also highlighted gender differences in the prevalence of sexual abuse (Assink et al., 2019; Meinck

et al., 2015).

A. E. Austin et al. (2020) suggest that ethnicity is often perceived as a risk factor for child maltreat-

ment at the individual level, with ’African-American’ and ’American Indian native children’ experi-

encing higher rates of reports of concern, substantiated maltreatment, and out-of-home placements

compared to ’white’ children. However, it is not the child’s ethnicity that increases their risk of mal-

treatment, but rather structural racism, systemic discrimination, and biases that lead to dispropor-

tionate reporting to child protective services. These systemic factors may also contribute to other

risk factors for maltreatment among families and communities of these groups, such as parental sub-

stance abuse. Some studies suggest that race or ethnicity is not related to child maltreatment after

controlling for other relevant individual, family, and extra familial factors (Ards et al., 2003; Freisthler

et al., 2007).
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A history of previous maltreatment is also consistently linked to the likelihood of experiencing mal-

treatment again (Littell & Schuerman, 2002; Rittner, 2002; Swanston et al., 2002). English et al.

(1999) identified the number of prior reports of concern as the most significant factor contributing to

the recurrence of maltreatment. Several studies indicate that the risk of recurrent maltreatment rises

with each prior occurrence, and the time between episodes shortens as the number of maltreatment

episodes increases (DePanfilis & Zuravin, 2001; Fluke et al., 1999).

3.3.2 Caregiver Level Risk Factors

Children’s well-being relies on both their physical and mental health, with caregivers playing a crucial

role in nurturing it. However, within the context of caregiving, some factors may have long-lasting and

concerning effects on children. A number of well-established caregiver level risk factors for maltreat-

ment include level of education (G. S. K. Chung, 2021; Thornberry et al., 2014; Younas & Gutman,

2022), disabilities or physical problems (Assink et al., 2019; G. S. K. Chung, 2021), mental health

problems (A. E. Austin et al., 2020; Ayers et al., 2019; Mulder et al., 2018), substance or alcohol

use disorders (A. E. Austin et al., 2020; Hindley et al., 2006; Huckle & Romeo, 2023), and a history

of childhood maltreatment (Avdibegović & Brkić, 2020; G. S. K. Chung, 2021; Mulder et al., 2018;

Younas & Gutman, 2022).

Thornberry et al. (2014) conducted a study examining risk factors during adolescence for involve-

ment in child maltreatment in adulthood. The findings revealed that adolescents who demonstrated

disengagement from school, poor academic performance, and low aspirations for college were more

susceptible to showing maltreating behaviours later in life. Additionally, active involvement in antiso-

cial behaviours, particularly problematic use of marijuana and alcohol during these formative years,

demonstrated a significant correlation with subsequent instances of maltreatment (Thornberry et al.,

2014).

Additionally, in a previous cohort study, Widom et al. (2009) observed that individuals who expe-

rienced childhood maltreatment, when controlled for their demographic characteristics, were more

likely to meet the criteria for a borderline personality disorder (BPD) diagnosis in adulthood. This

suggests a potential link between a history of childhood maltreatment in parents and an increased

likelihood of developing BPD, which may increase the risk of inter-generational transmission of child

maltreatment. Studies, such as Mulder et al. (2018), have also identified a history of perpetrating

harm to the child or other children, along with a history of criminal offending, as significant caregiver

level risk factors for child maltreatment.
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3.3.3 Family Level Risk Factors

Focusing on family factors, some well-established family level risk factors for maltreatment include

domestic violence (Avdibegović & Brkić, 2020; G. S. K. Chung, 2021), poverty (G. S. K. Chung,

2021; Moody et al., 2018), family structure (Assink et al., 2019; Littell & Schuerman, 2002; Younas &

Gutman, 2022), and family size (G. S. K. Chung, 2021; Sedlak, 2014).

Avdibegović and Brkić (2020) state that domestic violence often becomes a risk factor when victim-

ized mothers struggle to cope, focusing on the violent partner rather than meeting their children’s

basic needs. In addition to its direct effects, domestic violence can alter family dynamics, creating an

indirect pathway to child abuse and neglect (Cox et al., 2003).

Poverty is widely recognized as a significant factor contributing to child maltreatment, often measured

in research through indicators such as annual household income or participation in public benefits

programs (Conrad-Hiebner & Byram, 2020). However, recent studies have shifted focus towards

material hardship, directly assessing challenges in meeting basic needs like housing, food, utilities,

and medical care, which are strongly associated with an increased risk of child maltreatment (Pelton,

2015; Yang, 2015). Additionally, families facing housing instability, utility shut-offs, food insecurity,

and a higher count of hardships are more prone to child welfare investigations (Yang, 2015). Fur-

thermore, housing instability is often linked to increased self-reported maltreatment behaviors by

mothers, while food insecurity is associated with higher instances of physical and psychological ag-

gression from mothers toward their children (Marcal, 2018).

With respect to family structure, Assink et al. (2019) found that non-nuclear family structures, like

those with stepfathers or single-parent families, elevate the risk of child abuse victimization. Single-

parent households often increase the likelihood of neglect and physical abuse (Oliver et al., 2006;

Sedlak, 2014). Stepfather involvement, particularly for girls, is linked to a higher risk of sexual abuse

(Assink et al., 2019). Finkelhor (2008) suggests that correlated features, such as exposure to un-

related individuals and dysfunctional interpersonal patterns, contribute to child maltreatment risks.

Disrupted families may expose children to conflict, aggression, and violence, heightening the risk of

victimization. Additionally, children in disrupted families may have less control over their environment,

making them more susceptible to high-risk situations and victimization (Finkelhor, 2008).
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3.3.4 Community Level Risk Factors

At the community level, most research on child maltreatment has focused on factors in the child’s

and family’s neighbourhood that may contribute to their experiences of maltreatment. According

to Avdibegović and Brkić (2020), the community in which a family resides significantly influences

the behaviours of its members. Factors such as a disadvantaged environment, low socio-economic

status in the neighbourhood, lack of community support, limited social services, and prevalence

of neighbourhood crime, violence, and alcohol consumption can all contribute to instances of child

abuse and neglect (Akehurst, 2015; Freisthler et al., 2007; Moody et al., 2018; Parkinson, 2017). The

hypothesis is that these factors increase the risk of child maltreatment by rising parental and family

stress while weakening social networks and community organization (Daley et al., 2016; Morris et al.,

2019; Thurston et al., 2017).

3.4 Predictive Risk Modelling in the Child Welfare Context

With a rapid rise in the amount of information and data available, predictive analytics tools have

emerged to assist organizations in making better decisions. These tools efficiently use data, identify

patterns, and predict outcomes more accurately than humans can. The process of developing these

kinds of tools has evolved across several fields such as computer science, statistics, and mathe-

matics, and is referred to as predictive modeling (Kuhn & Johnson, 2013). Predictive models are

developed using historical data and machine learning algorithms. Machine learning algorithms look

for patterns in data and construct predictive models that assist in decision making by predicting out-

comes (Binns, 2018). Predictive risk models are a type of predictive model that generate a risk score

for the occurrence of an adverse event, allowing those events to be avoided through a more calcu-

lated delivery of services (Vaithianathan et al., 2017).

In specific contexts like child welfare, where social workers handle referrals, risk prediction models

that use administrative data are proven valuable (Centre for Social Data Analytics, n.d. Vaithianathan,

Kulick, et al., 2019; Vaithianathan et al., 2017). When a referral is made, social workers follow prac-

tices and policies by gathering information about the parents and children associated with the referral.

Even though child welfare agencies have access to administrative data, it’s difficult to efficiently use

the information about all the children and adults on a single referral. Risk prediction models can help

social workers make better use of data and identify cases that are more likely to result in an adverse

outcome (Vaithianathan, 2012).
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Figure 3.2: A visual guide to the standard machine learning process.

In child welfare settings, the training dataset used by these models are often generated through ex-

tracting information directly out of the child welfare agency’s database systems and include records

of interactions with the children and their families. Depending on the governing authority or agency

responsible for data sharing policies, these datasets may be linked to data collected by other gov-

ernment agencies such as public hospitals, birth records, public benefits, criminal justice, education

records, and more.

The development of predictive risk models using machine learning techniques follows a standard

multi-step procedure. The majority of child welfare predictive risk models have adhered to these

steps, as illustrated in Figure 3.2. The following subsections offer a comprehensive review of rele-

vant studies that explored the development of predictive risk models within the child welfare domain,

concerning their methodological approaches and evaluation processes.

3.4.1 Overview of International Studies

This section gives an overview of international literature on predictive risk modelling in the child wel-

fare context. Methods and model evaluation processes for these studies are briefly summarized in

Table 3.1. Studies in this table are classified by authors, country of origin, and purpose. The purpose

of a study is labeled as "applied" if the model in that study was developed for a practical deploy-

ment within a child welfare setting, and "theoretical" if the study offers recommendations without an

implementation plan for the developed predictive risk model. The table also includes sample size,
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data sources, machine learning algorithms, and performance metrics, with a focus on Area Under

the Curve (AUC), Cohen’s kappa (κ), and Matthew’s Correlation Coefficient (MCC).

AUC refers to the area under the Receiver Operating Characteristic (ROC) curve, a commonly used

metric to evaluate the performance of binary classifiers. AUC measures the ability of a model to

distinguish between positive and negative classes. Specifically, it represents the probability that a

randomly chosen positive instance is ranked higher than a randomly chosen negative instance by the

model (Kuhn & Johnson, 2013). Cohen’s κ, first introduced by Cohen (1960), is a statistic used to

assess inter-rater reliability for qualitative data. It is considered more robust than a simple percent

agreement, as κ accounts for the likelihood that agreement may occur by chance (Kuhn & Johnson,

2013). Matthews Correlation Coefficient (MCC) is a metric used to evaluate the quality of binary

classifications. It considers all elements of the confusion matrix: true positives (TP), true negatives

(TN), false positives (FP), and false negatives (FN), and is particularly useful when the classes are

imbalanced (Matthews, 1975).

The evaluation of model performance primarily relies on the AUC metric with values categorized as

excellent (≥ 0.90), good (0.80 ≤ AUC < 0.90), fair (0.70 ≤ AUC < 0.80), or poor (< 0.70) based on

guidelines from Kuhn and Johnson (2013). For studies with no AUC reported, Cohen’s (κ) and MCC

are used. An MCC or κ ranging from 0.76 to 1.00 is considered excellent, 0.51 to 0.75 as good, 0.26

to 0.50 as fair, and below 0.26 as indicative of poor performance, following Landis and Koch (1977)

criteria.

A consistent trend emerges from the findings in Table 3.1: models trained on smaller datasets

(n < 1000) reveal poorer performance, often falling below the standard for typical machine learn-

ing dataset results, when compared to those with larger samples (Benesh, 2017; Horikawa et al.,

2016; Thurston & Miyamoto, 2018). Larger datasets are crucial for training complex, nonlinear al-

gorithms (e.g. Neural Network, Random Forest, Support Vector Machine, etc). The resulting poor

performance may signal under-fitting, suggesting a need for extended training or additional variables

(Sen, 2021). Consequently, studies training nonlinear algorithms on small datasets, may have lacked

sufficient data to accurately predict the outcome (Benesh, 2017; Thurston & Miyamoto, 2018).

The majority of studies with superior model performance have used linked data from diverse sources,

including child welfare, social welfare, criminal justice, and demographic records. This integrated ap-

proach enables researchers to incorporate a wide range of risk factors for child maltreatment, conse-

quently enhancing the predictive accuracy of the models. Examples include studies by Jolley (2012),
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Putnam-Hornstein et al. (2022), Schwartz et al. (2017), Vaithianathan, Dinh, et al. (2019), Vaithi-

anathan, Kulick, et al. (2019), and Vaithianathan et al. (2020), where models trained on cohesive

datasets consistently outperform those relying on limited predictors (Benesh, 2017; Rodriguez et al.,

2019).

In applied U.S. studies, the main focus is on predicting the likelihood of placement or removal as ad-

verse outcomes for children referred to child protective services. Thus, the outcome variable is typi-

cally defined to classify children into high-risk and low-risk categories based on whether a removal or

placement event occurs within a specified time frame (Putnam-Hornstein et al., 2022; Vaithianathan,

Dinh, et al., 2019; Vaithianathan, Kulick, et al., 2019; Vaithianathan et al., 2020). Chouldechova

et al. (2018) has addressed challenges such as racial bias and the over-representation of African-

American children which can stem from the practical definition of outcome variables, particularly

within the development process of models utilized in AFST. The initial version of the tool (AFST

I) employed logistic regression to predict re-referral or placement outcomes for children referred to

Allegheny county’s child protective services(Vaithianathan et al., 2017). However, a number of com-

plications arose during the validation of the re-referral model, as it tended to assign higher scores

to children involved in custody disputes or with recurrent reports. This matter raised concerns about

potential racial bias implanted in the initial incoming referrals. Therefore, a model predicting future re-

ferrals tended to over represent African-American children and disadvantage their families compared

to white children. In response, the researchers restricted the model in the second version (AFTST

II) to predict significant safety issues that usually lead to a court ordering the placement of a child

(Vaithianathan, Kulick, et al., 2019).

Moreover, in these applied studies, LASSO logistic regression is consistently preferred due to its

simplicity and efficiency in deployment, despite alternative algorithms like random forest, support

vector machines, and XGBoost being explored in training. Vaithianathan, Kulick, et al. (2019) state

that random forest and XGBoost, consist of a sequence of linked trees that present greater chal-

lenges, particularly in debugging the intricacies of the deployed algorithm. Researchers, particularly

those from the Vaithianathan’s team (CSDA), favor LASSO because of its unique ability to set certain

predictor weights to zero, facilitating feature selection and regularization for more interpretable and

accurate models (Putnam-Hornstein et al., 2022; Vaithianathan, Dinh, et al., 2019; Vaithianathan,

Kulick, et al., 2019; Vaithianathan et al., 2020).
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Table 3.1: Overview of international studies on child welfare predictive risk modeling.

Authors n Country/Purpose Data Sources Outcome ML Algorithms Performance
(Jolley, 2012) 6,747 US/Theoretical - Demographics datasets

- Child welfare system
- Social welfare system
- Criminal justice system
- Juvenile justice system

Substantiated
maltreatment
recurrence.

- Logistic regression
- Neural network ***
- Random forest
- Tree based models

AUC = 0.81
(Good)

(Horikawa et al.,
2016)

716 Japan/Theoretical - Child welfare system Maltreatment
substantiation
recurrence within
one year of initial
maltreatment
finding.

- Step-wise multiple
logistic regression***

AUC = 0.69
(Poor)

(Amrit et al.,
2017)

13,170 Netherlands/Applied - Unstructured and
structured medical data
provided by the child health
department (JGZ) of the
largest public health
organization in the
Netherlands, the GGD
Amsterdam.

Alleged
maltreatment.

- Naïve bays
- Random forest***
- Support vector
machine

AUC = 0.91
(Excellent)

(Schwartz et al.,
2017)

78,394 US/Theoretical - Child welfare system
(both private and public)
- Criminal justice system

1.Substantiated
finding of
maltreatment.
2.Type and
intensity of
services delivered.

- Decision trees (C5
and CHAID) with
ensemble learning and
boosting.

1. AUC = 0.87
2. AUC = 0.81
(Good)
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Table 3.1 continued from previous page
Authors n Country//Purpose Data Sources Outcome ML Algorithms Performance
(Benesh, 2017) 727 US/Theoretical - National Child Abuse and

Neglect Data System
(NCANDS)

Future placement
type for foster
youth at 18
months.

- Random Forest RQ1: κ = 0.35,
MCC = 0.38
(Fair)
RQ2: κ = 0.16,
MCC = 0.1
(Poor)

(Thurston &
Miyamoto, 2018)

700 US/Theoretical - Child welfare system
- Social welfare system
- Criminal justice system

Substantiated
finding of serious
maltreatment.

- Model based
recursive partitioning
decision trees

κ = 0.1-0.16,
MCC = 0.11-0.19
(Poor)

(Elgin, 2018) 233,633 US/Theoretical - Adoption and Foster Care
Analysis and Reporting
System

Whether foster
children would
achieve legal
permanency.

- Boosted trees
- Classification trees
- Elastic net regression
- Logistic regression
- Lasso regression
- Multivariate adaptive
regression splines
- Neural networks***
- Partial least squares
discriminant analysis
- Random Forest***
- Support Vector
machines

AUC=0.99
(Excellent)

κ = 0.87,
MCC = 0.87
(Excellent)

(Rodriguez et al.,
2019)

12,017 US/Theoretical - National Child Abuse and
Neglect Data System
(NCANDS)

Unsubstantiated
maltreatment.

- Random forest κ = 0.43,
MCC = 0.43
(Fair)
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Table 3.1 continued from previous page
Authors n Country//Purpose Data Sources Outcome ML Algorithms Performance
(Vaithianathan,
Kulick, et al.,
2019)

82,211 US/Applied
(AFST2)

- Demographics datasets
- Child welfare system
- Criminal justice system
- Juvenile justice system
- Health system

Out of home
placement within
two years.

- LASSO regression***
- Logistic regression
- Random forest
- XGBoost

AUC = 0.76
(Fair)

(Vaithianathan,
Dinh, et al.,
2019)

221,519 US/Applied
(DCDA)

- Demographics datasets
- Child welfare system
- Criminal justice system
- Juvenile justice system
- Social welfare system

Removal and
placement
between a
childbirth and their
3rd birthday.

- Boosted trees
- LASSO regression***
- Random forest
- Risk slim

AUC = 0.924
(Excellent)

(Vaithianathan
et al., 2020)

52,520 US/Applied
(Hello baby)

- Child welfare system
- Social welfare system

Removal and
placement within
next 24 months.

- LASSO Regression***
- Random forest
- XGBoost

AUC = 0.804
(Good)

(Putnam-
Hornstein et al.,
2022)

341,428 US/Applied
(LA Risk
stratification model)

- Child welfare system
- Case management
system

Removal and
placement in
foster care within
24 months.

- LASSO regression***
- Random forest
- XGBoost

AUC = 0.83
(Good)
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3.4.2 Overview of New Zealand Studies

In NZ, limited research has investigated the use of predictive risk modeling within the child welfare

sector. This initiative originated from a study conducted by Vaithianathan (2012) and was further sup-

ported by the NZ government to explore its feasibility (Bennet, 2012). Table 3.2 provides a summary

of studies conducted in NZ with a focus on predictive risk modeling in the child welfare context. The

table details the data sources used, encoded variables, machine learning algorithms tested, and the

performance of candidate models, as measured by AUC, in these studies.

Vaithianathan (2012) and Wilson et al. (2015) contributed valuable insights to predictive risk model-

ing in the NZ child welfare system. The former focused on young children within the public benefits

system, aiming to predict substantiated maltreatment findings before the age of five for every child

entering the public benefit system by age two. In this study, the encoding of the dichotomous outcome

variable involved longitudinally tracking these children to determine whether maltreatment occurred

before they reached the age of five. The predictor variables were derived from record linkages be-

tween NZ’s social welfare system and child welfare system, based on data availability and their po-

tential to proxy known risk and protective factors for child maltreatment. The final model, developed

through step-wise probit regression, demonstrated effectiveness by achieving an AUC of 0.76 which

indicates a fair performance measure.

In addition, Wilson et al. (2015) explored a population-wide predictive risk model, centred on identi-

fying newborns at significant risk of future maltreatment. The study aimed to predict whether these

children would experience maltreatment by age five. Similar to Vaithianathan (2012), predictor vari-

ables in this study were encoded based on literature-identified risk factors, with multiple modeling

techniques tested and compared (see Table 3.2). Despite similar predictive performances (with an

AUC of approximately 0.87) across all machine learning algorithms tested, step-wise logistic regres-

sion was selected for its transparency. Wilson et al. (2015) concluded that predictive risk models

based on administrative data have the potential to prioritize preventative services for newborns yet

emphasized their supplementary role to professional judgment. The authors warned about the risk

of not being able to identify all high-risk children under this approach, advocating for predictive risk

models as complements, not replacements, in identifying high priority children.

Following comprehensive ethical reviews and feasibility studies on the integration of predictive risk

modelling in the NZ child welfare system, the Ministry of Social Development launched the Enhanc-

ing Intake Decision Making Project. The primary objective of this project was to explore the use
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of predictive risk modeling within intake decision-making process, with focus on refining decision-

making rather than specifically targeting newborn or young children for intervention and prevention

strategies. A detailed report of this project is available in the work by Rea and Erasmus (2017).

Four modelling algorithms were tested and for all the models, variables selection was applied based

on the contribution of variables to the predictive power of the model. Despite similar performance

(AUC ≈ 0.75) across all machine learning algorithms tested, logistic regression was chosen as the

preferred model. The project’s conclusion emphasized the potential improvement in child welfare

intake decisions through predictive risk modeling. However, the study suggested that incorporating

external data could enhance the model’s predictive capability, providing an example of using Depart-

ment of Corrections data to verify a child’s living situation.

Three additional studies in NZ were also identified, which explored the utilization of predictive risk

models in the NZ child welfare system (A. James et al., 2019; Vaithianathan et al., 2018; Walsh et al.,

2020). However, the primary focus of these studies found to be different from the aim of developing

a deployable predictive risk model.

For instance, A. James et al. (2019) developed a model as a proof-of-concept to emphasize the im-

portance of incorporating family network data into predictive risk models, rather than aiming to create

a model suitable for practical risk prediction purposes. The dataset for this study was constructed by

linking birth records with data from the NZ child welfare and social welfare systems, and the analysis

employed multivariate logistic regression. The outcome variable in this study was defined based on

the established system outlined in the study by Rea and Erasmus (2017).

Vaithianathan et al. (2018) investigated the effectiveness of predictive risk modeling in the identifica-

tion of children at high risk of injuries or even death during early childhood. Using a cohort of children

born in NZ in 2010, the authors trained a logistic regression model to predict a child’s risk of substan-

tiated finding of maltreatment by age two. The logistic regression model was then used to assign risk

scores to the 2011 birth cohort. Children in the top 10% of predicted risk scores were flagged as very

high risk, and those in the top 20% were flagged as high risk. Through linking these children with

health system records and comparing the incidence of injury and mortality rates between high-risk

children identified by the model and the rest of the birth cohort, the authors revealed that children

identified at both 10% and 20% risk thresholds had higher post-neonatal mortality rates (4.8 times

and 4.2 times greater, respectively) and a greater relative risk of hospitalization (2 times higher and

1.8 times higher, respectively).
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Employing data from the Growing Up in NZ (GUiNZ)7, Walsh et al. (2020) aimed to uncover protective

factors within families identified as high-risk by predictive risk models. Using predictors observed at

or before birth, a predictive risk model was trained using logistic regression to identify children with

two or more adverse childhood experiences by 54 months. The study designated the top 20% (n =

790) with the highest predicted risk as the high-risk group. Within this group, researchers identified

children with zero observed adverse childhood experiences and examined 749 potential protective

factors across five domains: community and neighborhood (36%), family finances (23%), parent-

child relationship (18%), parent health and wellness (14%), and mother-partner relationship (9%).

The analysis included estimating separate logistic models for each factor, with significant ones fur-

ther analysed. More details are available in the Appendix by Walsh et al. (2020).

While the potential value of predictive risk modelling in decision-making is acknowledged worldwide,

research indeed warns against risks associated with the use of such tools in the child welfare do-

main (Dare, 2013; Drake et al., 2020; Gillingham, 2016; Glaberson, 2019; Keddell, 2015, 2019). In

addition to careful selection of outcome variables and the assurance of their consistent registration

(Gillingham, 2016), there are moral and ethical challenges that require consideration (Keddell, 2015).

Particularly ethics, fairness, and bias. These key aspects must be addressed in methodological prac-

tices to ensure that models are not only effective but also ethically sound, fair (Gillingham, 2016). For

example, for historical data containing instances of discriminatory decisions, a trained algorithm not

only replicates but may even amplify these biases (Barocas & Selbst, 2016; Edelman & Luca, 2014;

Žliobaitė, 2017). Researchers aiming to mitigate such bias should explore strategies that trade-off

precision in their models for increased fairness, such as optimizing for ethnicity equity (Section 3.6).

7Growing Up in NZ is NZ’s largest longitudinal study of child health and well-being, following the lives of more than
6000 children and their families. Parents were enrolled and interviewed during pregnancy and at several points including
at 9, 24, and 54 months after birth.
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Table 3.2: Overview of New Zealand studies on child welfare predictive risk modeling.
Note: The term “full regression” refers to a regression model that includes all available or selected predictor variables, without simplification, variable selection, or
regularization.

Authors Outcome Data Sources Predictors ML Algorithms AUC
(Vaithianathan,
2012)

Substantiated
maltreatment by
the age of five
including neglect,
emotional,
physical, and
sexual.

- Child welfare system
- Social welfare system

Child level
• History of interaction with CPS:
- Findings of abuse or neglect,
- CP notifications,
- Investigations,
- Family Group Conferences (FGC),
- CP assessments.
• History of interaction with SWS:
- Proportion of time on a benefit.
Caregiver level (Mother)
• Characteristics of care-giver at the start of
benefit spell:
- Gender,
- Age,
- Education.
• History of interaction with CPS before the age of
16.
• History of interaction with SWS in adulthood.
Family level
• History of interaction with CPS for other children,
• Family characteristics:
- Single versus dual caregivers,
- Number of younger and older children,
- Birth intervals to next youngest and oldest child,
- Multiple birth children,
- Maternal age of the caregiver regarding oldest
child and subject child.

Probit regression*** 0.76
(Fair)
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Table 3.2 continued from previous page
Authors Outcome Data Sources Predictors ML Algorithms AUC
(Wilson et al.,
2015)

Substantiated
finding of
maltreatment
(emo-
tional,physical, or
sexual abuse or
neglect) by age
two.

- Demographics
datasets
(Registrar-General of
Births, Deaths, and
Marriages)
- Social Welfare system
- Child Welfare System
- Criminal justice
system
- Health system

Child level
• Gender,
• Low birth weight or pre-term (Yes, No and
Unknown).
Caregiver level (Mother)
• Age,
• Mental health problems in the last 5 years,
• Substance abuse issues in the last 5 years,
• Corrections history in the last 5 years,
• Behavioural or relationship difficulties as a child,
• Time on benefit in the last 5 years,
• History of interaction with CPS in childhood.
Family level
• History of domestic violence,
• Whether benefit caregiver is a birth registration
parent,
• Benefit address changes in the last year,
• History of Interaction with CPS for other children.
Community level
- CYF site.

- Decision tree
- DMINE regression
- Full regression
- Gradient boosting
- Step-wise logistic
regression***
- Multilevel model
- Neural network
- Partial least squares
- Regression with
backward elimination

0.87
(Good)
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Table 3.2 continued from previous page
Authors Outcome Data Sources Predictors ML Algorithms AUC
(Rea &
Erasmus,
2017)

Estimated care
and protection
concern within
two years of the
initial notification.

- Social welfare system
- Child welfare system

Child level
• Age, Gender
• History of interaction with CPS:
- Prior risk and safety assessment,
- Number of previous CP notifications,
- Number of days since last Section 15 intake,
- Number of previous substantiated findings of
maltreatment,
- Open phase case,
- Prior custody or guardianship spell.
• History of interaction with SWS including:
- On a main benefit at the time of notification,
- Level of contact with SWS and CPS.

Level 1. No previous SWS or CPS contact.
Level 2. Previous CPS contact, no previous

SWS Contact.
Level 3. Previous SWS contact, no previous

CPS contact.
Level 4. Previous SWS and CPS contact.

Caregiver level
• History of Interaction with CPS:
- Level of interaction with CPS in childhood.

Level 1. None.
Level 2. Reported.
Level 3. Finding of maltreatment.
Level 4. Placement.

- Whether Mother is known to CPS.
Family level
• Number of siblings at the time of notification.
• Number of contact records for siblings.
Community level
• New Zealand deprivation index 2013.
Others
• Notifier role type

- Decision tree
- Gradient boosting
- Logistic
Regression***
- Random forest

0.75
(Fair)



C
H

A
P

TE
R

3.
LITE

R
ATU

R
E

R
E

V
IE

W
41

Table 3.2 continued from previous page
Authors Outcome Data Sources Predictors ML Algorithms AUC
(Vaithianathan
et al., 2018)

Substantiated
finding of
maltreatment by
age two.

- Demographics
datasets (birth records)
- Child welfare system
- Social welfare system
- Criminal justice
system
- Health system

Child level
• Gender,
• Pre terms birth indicator.
caregiver level (Mother)
• Maternal age,
• Marital status,
• Receipt of public income support,
• History of mental health or substance abuse,
• Criminal records in the last 5 years,
• History of child maltreatment allegations to CPS
as a child.
Family level
• Parenting demand:
- Indication of having more than 3 children in the
family,
- Indication of having multiple birth children,
- Indication of having multiple children under the
age of 2,
• History of child maltreatment allegations to CPS
for siblings.

Logistic regression*** 0.88
(Good)
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Table 3.2 continued from previous page
Authors Outcome Data Sources Predictors ML Algorithms AUC
(A. James
et al., 2019)

Estimated care
and protection
concern within
two years of the
initial notification.

- Demographics
datasets (birth records)
- Social welfare system
- Child welfare system

Child level
• Age at the time of notification,
• History of interaction with CPS including:
- Number of previous CP notifications,
- Number of prior targets events,
- Number of notifications in the last 2 years,
- Number of target events in the last 2 years.
Family level
• Network constructed using relationships
recorded prior to the notification:
- Number of individuals in network,
- Number of individuals in network with a prior
notification,
- Number of individuals in network with a prior
target event,
- Number of known abusers in network.
• Network constructed using whole-life
relationships (parent, child, sibling, half-sibling
relationships only, backdated to the date of birth of
the younger of the two individuals in the
relationship:
- Number of individuals in network with a prior
notification,
- Number of individuals in network with a prior
target event,
- Number of known abusers in network.

Multivariate Logistic
Regression***

0.672
(Poor)

(Walsh et al.,
2020)

Odds of more
than two adverse
childhood
experience by
age 54 months.

Data collected by
growing up in NZ study
(GUiNZ)

Kindly refer to Appendices 2 and 3 in the paper for
an exhaustive list of predictors that couldn’t be
accommodated in this table.

Logistic regression*** 0.76
(Fair)
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3.4.3 Ethics, Fairness, and Bias

Ethical reviews and feasibility studies on the use of predictive risk modeling in the child welfare context

consistently highlight concerns, with the accuracy and fairness of these tools being among the most

prevalent (Blank et al., 2015; Dare & Gambrill, 2017; Ministry of Social Development, 2014). As

a result, researchers are required to address these concerns during the development process of

models intended for use by child welfare authorities..

Ethical considerations include examining the impact of algorithmic decision-making on children and

their families (Keddell, 2015). Fairness issues relate to potential surveillance, stigmatization, or unfair

distribution of resources based on demographic characteristics (Chouldechova et al., 2018), while

bias refers to how a social worker’s personal beliefs and attitudes might influence decision-making

practices (Gillingham, 2016).

In the following sections, a qualitative review of studies on the use of predictive risk modeling in

the child welfare domain is conducted to investigate how these studies have considered issues of

ethics, fairness, and bias (see Tables 3.1 and 3.2). Particular attention is given to concerns raised

by Gillingham (2016) and Keddell (2015) regarding how inequities in child welfare may be shaped or

exacerbated by algorithms.

3.4.3.1 Considerations by International Studies

The U.S. applied studies highlighted in Table 3.1 serve as prime examples of a strong commitment

to addressing ethical concerns. Before implementing these models, researchers and project leaders

took proactive steps by consulting independent experts and seeking ethical reviews, which provided

equity-related recommendations (Dare & Gambrill, 2017; Drake & Jonson-Reid, 2018; Veale, 2019).

For instance, in the AFST project (Vaithianathan, Kulick, et al., 2019; Vaithianathan et al., 2017),

an ethical review overseen by Dare and Gambrill (2017) was conducted. Regarding the potential

introduction of unfairness or bias based on race through the utilization of predictive risk modeling, the

reviewers approved the inclusion of race as a predictor variable, provided it had a significant effect

on the model’s predictive performance. Additionally, they mandated the non-disclosure of predicted

risk scores to workers handling screened-in calls to mitigate the risk of bias. To assess fairness in

the AFST project models, Vaithianathan, Kulick, et al. (2019) compared AUC metrics across racial

subgroups to investigate variations in performance concerning race (accuracy equity notion of fair-

ness). They also examined placement rates relative to predicted risk among different racial groups to
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estimate potential overestimations or underestimations based on race (calibration notion of fairness).

For more details on these notions, see Section 3.7. Additionally, the researchers analyzed potential

biases in decisions made by hotline social workers by comparing the rates at which they overrode

algorithm recommendations across different levels of perceived risk. The findings indicated that the

workers’ decisions were more influenced by their subjective assessments than by the algorithm’s rec-

ommendations, even at varying levels of perceived risk. This suggests that workers tended to rely

more on their own judgment rather than trusting the algorithm’s suggestions.

In the Hello Baby project (Vaithianathan et al., 2020), the variable race was excluded from the predic-

tor variables due to concerns about potential bias raised during a community meeting. While testing

race as a predictor, it was found that this exclusion did not significantly impact the model’s predictive

power. However, the researchers emphasised that this approach does not negate the possibility of

race playing a role through existing correlated variables.

Moreover, highlighting the importance of defining fairness across demographic groups, Vaithianathan

et al. (2020) considered the nature of actions taken in response to the predictive risk model, whether

punitive or beneficial. In the context of the Hello Baby program, predictive parity was identified as the

most suitable measure (see Section 3.7). This measure ensures equal risk for White and non-White

priority children within each eligibility category, even if different proportions of each racial subgroup

are captured. The analysis regarding predictive parity revealed that the rate of placements among

the White population in the priority group is higher than that for the non-White population (248.3 per

1,000 versus 160.3 per 1,000), while the measures of adverse outcomes for children (404.3 per 1,000

versus 382.1 per 1,000) and mortality (20.0 per 1,000 versus 18.3 per 1,000) are generally similar.

These findings suggest that White and non-White children who are prioritized are at similar risk of

harm. However, whether the program will be equally effective for both subgroups remains an open

question, and as stated by the research team, an impact evaluation study must be conducted to an-

swer this.

Similar approaches were taken by Vaithianathan, Dinh, et al. (2019) and Putnam-Hornstein et al.

(2022). Despite coding race to examine model performance for different subgroups, race was not in-

cluded as a predictor in building the model, following feedback from community partners. An analysis

of disparities in the DCDA model showed that the tool is well-calibrated across different subgroups of

race, age, and gender.

Regarding theoretical studies, Schwartz et al. (2017) assessed unethical decision-making in the child
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welfare system by focusing on referrals leading to unproven allegations. The study discovered that

40% of these reports were unproven and were linked to a 175% higher chance of the family facing re-

peated involvement with child welfare services. Their model showed better accuracy (90% and 93%)

in identifying cases for court referral and court-involved services compared to the existing method

with 60% accuracy. Although the study didn’t explicitly consider ethics or fairness during the model’s

initial design, the researchers suggested adoption of their model could significantly reduce the risk of

unsubstantiated referrals for families reported for potential maltreatment.

Rodriguez et al. (2019) and Jolley (2012) underscored the imperative of minimizing unfair or uneth-

ical predictions, yet their evaluations of efforts to mitigate unfairness were incomplete. Rodriguez

et al. (2019) focused on addressing surveillance and stigmatization of marginalized communities in

the child welfare system, developing a model that predicted unsubstantiated maltreatment by em-

phasizing protective factors rather than focusing solely on risks. Meanwhile, Jolley (2012) criticized

actuarial risk assessments for relying on linear assumptions, which were believed to lead to inac-

curate predictions of child maltreatment risk. Both studies prioritized ethical considerations in their

approach to predictive modelling.

Horikawa et al. (2016) mentioned two key limitations within their study’s methodology. First, they

noted the challenge of relying on subjective judgment due to the absence of established scales for nu-

merous variables. This absence introduces inherent subjectivity in data collection, which emphasizes

the potential influence of individual perspectives. Second, they pointed out that the overstretched na-

ture of staff handling maltreatment cases often results in the assessment and recording of many

items as dichotomous data. This approach, driven by resource constraints, oversimplifies complex

variables, thereby limiting the statistical analyses’ effectiveness. Acknowledging these limitations

highlights the importance of interpreting study results with caution, considering the potential impact

of subjective judgments and resource constraints on data robustness. None of the remaining studies

addressed issues of unfairness or bias. However, in instances where these concerns were identified,

most did not attempt to address them by adjusting the algorithmic formula.

3.4.3.2 Considerations by New Zealand Studies

Predictive risk models developed in (Rea & Erasmus, 2017; Vaithianathan, 2012; Wilson et al., 2015)

aimed to evaluate both the technical feasibility and predictive validity of implementing predictive risk

modelling in the NZ child welfare system. These studies were the subject of comprehensive ethical

reviews (Blank et al., 2015; Dare, 2013) and technical feasibility assessments (Ministry of Social
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Development, 2014). The combined findings from these studies and their evaluations suggest that

predictive risk models utilizing administrative data can effectively identify high-risk children in NZ for

preventive services. However, it is essential to recognize these models as supplements to profes-

sional judgment rather than substitutes. These studies also highlight risks associated with predictive

modelling, including concerns about bias and potential adverse impacts on Māori communities. For

example, while Vaithianathan (2012) did not specifically investigate bias or assess the model’s fair-

ness regarding its impact on Māori, the authors emphasized the importance of an ethical framework

if their model were to be applied. In a subsequent publication by Vaithianathan et al. (2013), building

on earlier results, the authors argued against using ethnicity as a predictor variable due to concerns

about reinforcing racial stereotypes.

Wilson et al. (2015) examined fairness by comparing how their model identified Māori children at risk

of maltreatment with the observed substantiation rates. They found that the algorithm’s predictions

were not proportionate to the percentage of Māori children in the maltreated population. In an effort

to address this, the researchers tried creating two separate algorithms, one for Māori children and

another for other ethnic groups. However, this strategy did not yield the intended results.

Similarly, Rea and Erasmus (2017) explored the disparities between existing referral rates and those

produced by the model across different ethnic groups. The findings revealed that the model over-

represented Māori children compared to the current practice. The reasons behind this elevated

referral rate remain undisclosed, prompting the researchers to advocate for additional investigation.

Rea and Erasmus (2017) emphasized the need to understand how the model could be utilized in the

future to ensure accurate risk identification and prevent unintentional bias or unfairness, particularly

concerning ethnic groups such as Māori.

A. James et al. (2019) decided not to include gender and ethnicity as predictor variables due to ethi-

cal concerns around stereotyping. The authors emphasised the importance of evaluating algorithmic

fairness across various demographic groups. They assessed predictive bias by examining statistical

calibration and comparing weighted error rates across gender and ethnic groups. Their models were

well-calibrated, with similar weighted error rates across these groups (A. James et al., 2019).

Walsh et al. (2020) added protective factors to their model without explicitly addressing fairness

across demographic groups as a motive, and Vaithianathan et al. (2018) did not mention anything

regarding bias and fairness in their paper.



CHAPTER 3. LITERATURE REVIEW 47

While these studies collectively underscore the significance of ethical considerations, fairness evalua-

tions, and a comprehensive understanding when implementing predictive risk models in child welfare

systems, a notable gap remains in the NZ literature. To our knowledge, no study in the country

has explored fairness-aware machine learning approaches to address potential unfairness or bias in

these models, which could be valuable for child welfare agencies.

This thesis takes a distinctive approach by concentrating on fairness-aware machine learning ap-

proaches to develop a model tailored for potential use in intake decision-making. As the literature

review progresses, the focus will shift towards enhancing these specific aspects in predictive risk

models. It is important to note that ethical considerations, while acknowledged as crucial, are delib-

erately outside the scope of this thesis.

3.5 Determinants of Unfairness in Child Welfare Predictive Modelling

In the predictive modelling process, a number of factors can cause disproportionately adverse out-

comes for specific groups. Several factors or mechanisms are identified in the literature as potential

contributors to unfairness or errors in child welfare predictive risk models, including but not limited to,

characteristics of the training data, the definition of the outcome variable used for classification, and

the selection of features or predictors. Subsequent subsections will review these mechanisms.

3.5.1 Training Data

Predictive models are developed based on training data. If the data contains errors, it may affect the

model’s output (Barocas & Selbst, 2016). Specifically, if an error changes an important character-

istic of a child, it can lead to inaccuracies in the model’s risk assessment for that child (Glaberson,

2019). For instance, the Illinois Department of Children and Family Services conducted an exper-

iment with ERSFT that initially showed success. However, this initiative was terminated after the

unfortunate deaths of two young children within a month of each other. Subsequent investigations by

Illinois officials revealed that neither of these children had been identified as high-risk by the model.

These flawed predictions stemmed from errors in the data provided to the model (Drake et al., 2020;

Glaberson, 2019). While errors in data may be unavoidable in government administrative systems

where human data entry is involved (Dare, 2013; Ministry of Social Development, 2014), this incident

addresses the importance of linking children’s records across different databases, particularly when

using administrative data.
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Another well-known determinant of bias is machine learning algorithms that learn from historical data

containing prejudice (Barocas & Selbst, 2016; Edelman & Luca, 2014; Žliobaitė, 2017). For example,

when algorithms are trained on datasets that reflect biased decisions made by social workers, such

as instances of racial discrimination against specific groups, they have the potential to inadvertently

replicate those biases in their outcomes (Chouldechova et al., 2018). As a result, the new model

may exhibit discriminatory behavior towards the same group (Chouldechova et al., 2018). This risk

highlights the potential for predictive modeling approaches to magnify bias in data and in the risk

assessments made by child welfare professionals.

Biased outcomes may also occur in cases where the data is unbiased but is not well-sampled

(Calders & Žliobaitė, 2013). For instance, over-representation of a certain group in the dataset can

lead to disproportionate adverse effects on those groups (Barocas & Selbst, 2016). Examples are

given in studies by Chouldechova et al. (2018), Drake et al. (2020), and Glaberson (2019). In partic-

ular, in NZ, the over-representation of Māori in the care and protection system has been stressed in

the past decade (Keddell & Davie, 2018; Keddell & Hyslop, 2019) and according to Rea and Erasmus

(2017), this over-representation can be a reason for potential discriminatory effects on Māori.

Official statistics and recent quantitative exploration of disparities for Māori children in the NZ care

and protection system acknowledge the existence of disparities between the involvement of Māori

children and children of NZ European and other ethnic groups with the child welfare system (Oranga

Tamariki, 2023a). A study conducted by Rouland et al. (2019) identified substantial ethnic differences

in child maltreatment and child protection involvement in NZ. Specifically, Māori children faced signifi-

cantly higher rates of involvement with child welfare agencies compared to other children. They were

more likely to be reported, substantiated as victims, and placed in out-of-home care. Māori children

exhibited involvement rates over twice those of Pacific Island children and more than three times

those of NZ European children, across all tiers of the child welfare system. As a result, predictive risk

models are at risk of intensifying the over-representation of Māori, and their use in decision-making

could encourage a cycle of bias that, in turn, could lead to the disadvantage or discrimination of Māori

(Rea & Erasmus, 2017). However, there is evidence suggesting that these sources of bias can be

controlled more effectively by using a model that is more accurate and carefully developed (Dare,

2013; Ministry of Social Development, 2014).
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3.5.2 Outcome Variable Used for Prediction

In predictive modeling, the outcome variable is crucial because it determines what the model is try-

ing to predict. For the model to be effective, this outcome variable needs to be well-defined and

accurately reflect the event or phenomenon of interest (Glaberson, 2019). Without a well-defined

outcome variable that correlates closely with reality, predictive models will struggle to make accurate

predictions. However, it’s important to recognize that how the outcome variable is defined can have

different impacts on different groups (Barocas & Selbst, 2016; Glaberson, 2019). For instance, con-

sidering the first version of AFST (Vaithianathan et al., 2017), the models were developed to predict

two outcomes: child re-referral and child placement. The re-referral model aimed to predict whether

a child would be referred again, while the placement model aimed to predict whether a child would be

placed in out-of-home care. However, it was discovered that the re-referral model tended to give high

scores to children involved in custody disputes or other circumstances where there were frequent

calls about the same issue. Eventually, it did not appear to strongly correlate with outcome measures

such as serious abuse and neglect. Additionally, there were concerns that racial biases or prejudices

were embedded in the initial referrals, further complicating the accuracy and fairness of the predictive

models. This fact suggested that a model predicting future referrals tended to over represent African-

American children compared to white children. In this line, the second version (AFST II) was limited

to predicting significant safety issues that usually result in a court order for placement.

Considering the NZ population, findings from the study by (Rea & Erasmus, 2017) showed that the

model would refer more Māori children and young people to the site than under current practice.

Therefore, the over-representation of these groups in the child welfare system must be considered,

and proactive measures are required to define the outcome variable in a way that does not reflect an

over-representation inconsistent with their actual share of risk.

3.5.3 Variable Selection

Variable selection is the process by which developers decide which variables to use in their analysis.

These decisions may have significant consequences for the treatment of certain groups if the factors

that are a better representation of these groups are poorly represented in the set of selected vari-

ables (Barocas & Selbst, 2016). This fact would lead to systematically less accurate classifications or

predictions about those members. A possible explanation according to Glaberson (2019) is that the

absence of that variable, regardless of its significance for the outcome, will cause other correlated
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variables to take on a weight that does not explain the influence of the missing variable while ob-

scuring its significance. Additionally, the necessary information to achieve accurate outcomes might

exist at a level of detail that the selected features fail to achieve or uncover critical points of disparity

(Barocas & Selbst, 2016).

The use of race or ethnicity as a predictor variable has been controversial due to concerns regarding

racial stereotypes and the allocation of interventions according to race. Particularly, NZ studies have

avoided the inclusion of ethnicity as a predictor variable but tested the final model against different

ethnic groups involving such factor (Johnston, 2021; Rea & Erasmus, 2017; Vaithianathan et al.,

2013; Wilson et al., 2015). However, the concept of fairness through unawareness is flawed because

other variables may be correlated with the sensitive one (Lum & Johndrow, 2016). This implies that

even if a developer avoids using the sensitive variable directly, its effect may still reflect through other

related variables. This phenomenon, referred to as the redlining effect in the literature often leads

to indirect discrimination (Zliobaite, 2015). The use of zip codes as a predictor is one example. It is

known that some suburbs may have a higher proportion of specific racial groups than others, thus

providing a strong correlation between race and zip code. In addition, due to institutionalized racial

bias (e.g., criminal justice history), it may be possible to find other highly correlated predictors with

race that suggest race is still a significant factor (Vaithianathan et al., 2017). Zliobaite (2017) advises

that the inclusion of protected characteristics such as race are needed in the model development pro-

cess to actively ensure the resulting model is fair. Section 3.6 provides a review of the approaches

which can be used for to develop a fair predictive model while including ethnicity as a predictor.

3.6 Fairness-aware Machine Learning

Fairness-aware machine learning approaches usually fall into one of three categories: pre-processing,

in-processing, or post-processing. The classification of these approaches depends on where the em-

phasis lies in terms of addressing discrimination within the data or model.

With the pre-processing approach, developers adjust the training data so that unexplained dispar-

ities between protected and unprotected groups are minimized before developing the model using

standard machine learning algorithms. A simple approach is to remove the sensitive variable and

all variables correlated with it from the learning process (Calders et al., 2009). This method might

lead to better results in terms of fairness but achieving fairness is not guaranteed. One downside

of this method is the loss of information about the outcome in the available data. In the context of

fairness in machine learning models, it’s crucial to recognize that removing correlated variables might
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not address all sources of unfairness. This is because unfairness can stem from complex interac-

tions between variables that may not be fully captured by linear correlations alone. As mentioned

by Radovanović and Ivić (2021), there’s a risk that these intricate interactions contributing to un-

fairness may go unnoticed. In other pre-processing approaches, developers choose to modify the

target variable (Fish et al., 2015; Kamiran & Calders, 2009; Luong et al., 2011; Mancuhan & Clifton,

2014; Mancuhan & Clifton, 2012), modify the input data (Calders et al., 2009; Feldman et al., 2015;

Johndrow & Lum, 2019; Kamiran & Calders, 2010; Lum & Johndrow, 2016) or modify both the target

variable and input data (Hajian & Domingo-Ferrer, 2012). While modifying the data appears to be a

potential solution based on these studies, it raises concerns regarding data accuracy, a fundamen-

tal requirement emphasized by regulations such as the General Data Protection Regulation (GDPR)

(Goodman and Flaxman (2017)). Consequently, employing such approaches, particularly in sensitive

contexts like child welfare settings, warrants careful consideration due to potential ethical and legal

implications.

Methods that fall under the category of in-processing involve modifying the learning algorithm to maxi-

mize both predictive accuracy and fairness. For instance, by modifying the splitting criteria in decision

tree learning (Kamiran et al., 2010; Kamishima et al., 2012). Most recent in-processing methods add

regularizers to the objective function to control for fairness or enforce fairness constraints during the

model learning process to turn it into an optimization problem. More details can be found in (Agarwal

et al., 2018; Berk et al., 2021; Calders et al., 2013; Corbett-Davies et al., 2009; Hu & Chen, 2020;

K. D. Johnson et al., 2016; Nabi & Shpitser, 2018; Radovanović & Ivić, 2021; Radovanović et al.,

2020; Zafar et al., 2019; Zafar et al., 2017).

In post-processing approaches, the standard model is generated and then adjusted to comply with

non-discrimination constraints (Calders & Verwer, 2010; Hajian & Domingo-Ferrer, 2012; Hardt et al.,

2016; Kamiran et al., 2010; Wu & Wu, 2016). One common practice is to change the labels of some

leaves in a decision tree (Calders & Verwer, 2010; Kamiran et al., 2010). Some other approaches

involve removing selected rules from the set of discovered decision rules (Hajian & Domingo-Ferrer,

2012) or in general adjusting predictions to be as fair as possible (Chzhen et al., 2019; Hardt et al.,

2016; Wu & Wu, 2016).

Although some methods have already been proposed for each of the above approaches, discrimi-

nation prevention remains a relatively unexplored area of research. Typically, each solution is cus-

tomized for a specific setting and discrimination situation and barely generalizes to other types of

variables, or other grounds of discrimination.
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The examination of algorithmic fairness in predictive analytic tools within the public sector has gained

significant attention, particularly in areas like criminal recidivism and academic admissions. However,

the predictive analytics tools of child welfare jurisdictions have received considerably less attention.

This is partly because comparatively few such instruments exist and because even fewer have been

scrutinized through the lens of algorithmic fairness.

Non-discrimination regulations often specify the sensitive features or the groups of people who must

be protected against discrimination in a particular setting. This point raises the question of how a pre-

dictive model can be deemed fair or unfair for these groups. The answer to this question depends on

the definition of fairness that is sought to be attained. The complexities surrounding fairness in pre-

dictive models necessitate a deeper understanding of the various fairness definitions that can guide

these assessments. In the next section, these definitions are reviewed in detail to identify which are

most relevant for the child welfare context.

3.7 Definitions of Fairness

Various fairness concepts have been proposed in the last decade, yet there is no clear consensus

on their application in specific situations. To determine the most appropriate category of algorith-

mic fairness definitions for child welfare settings, three primary categories were initially examined:

individual-level, group-level, and causal reasoning-based definitions, following the structure and con-

tent presented by Verma and Rubin (2018).

Within individual-level definitions of fairness, the main idea is that observations close to one another

in feature space should also be close to one another in prediction space (Purdy & Glass, 2023).

Although this concept is appealing in theory, it is challenging to implement in practice (Berk et al.,

2021). One key issue is that two feature vectors may appear close due to bias rather than genuine

underlying similarity (Purdy & Glass, 2023). For example, two children reported with care and protec-

tion concerns might have very similar allegation histories, but these similarities could be the result of

reporting bias within the community rather than any true commonality between the children and their

families. In contrast, group-level definitions categorize individuals based on one or more protected

attributes, such as ethnicity, gender, or age. A specific metric, typically related to predictive perfor-

mance, is then calculated and compared across these groups. If this metric is consistent across all

groups, the algorithm is considered fair (Verma & Rubin, 2018). Although this approach may overlook

potential unfairness related to non-protected attributes and similar observations may still receive sig-

nificantly different predictions, as noted by (Purdy & Glass, 2023), group-level definitions appear to be
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the most practical for this context. This approach is particularly useful for identifying and addressing

systematic disparities that might not be apparent at the individual level. By focusing on group-level

comparisons, it is possible to ensure that the model’s performance does not disproportionately ben-

efit or disadvantage any particular demographic group, making this method practical and effective for

applications where social equity is a priority (Purdy & Glass, 2023).

Causal reasoning-based definitions of fairness focus on understanding and addressing the causal

relationships between variables in a model, particularly how protected attributes influence outcomes

(Verma & Rubin, 2018). Despite their theoretical appeal, causal reasoning-based definitions were

dismissed due to the impracticality of constructing and testing a causal graph with the extensive set

of features involved in these models. Definitions like Counterfactual Fairness and No Proxy Dis-

crimination offer theoretically ideal approaches, but require the construction of a causal graph that

accurately represents the relationships between the outcome and the many features used in the al-

gorithm (Verma & Rubin, 2018). Given the challenge of creating such a graph, especially with a large

number of features, and the difficulty in testing a classifier against causal definitions of fairness, this

approach was considered impractical for this context. Taking these factors into account, group-level

definitions were determined to be the most viable option. While this category has its limitations, it

provides valuable and practical tools for assessing fairness within the specific constraints of the use

case. Acknowledging the shortcomings of this approach, it is nonetheless seen as a significant im-

provement over current standards in algorithmic fairness within the child welfare domain (Purdy &

Glass, 2023).

Table 3.3 outlines group-level definitions relevant to the child welfare context, along with their math-

ematical definitions, while Table 3.4 presents a summary of notations used to formulate them. Ad-

ditionally, Table 3.5 provides detailed narrative descriptions of these notions, offering a clearer un-

derstanding of their conceptualization and implications. The fairness definitions outlined in Table 3.3

are not exhaustive of the definitions proposed in the literature. These are likely to be appropriate

for measuring discrimination and comparing the fairness of the models developed for potential im-

plementation within child welfare systems. Additionally, these definitions can be utilized to improve

the fairness of models by transforming them into constraints and enforcing them during the learn-

ing process of machine learning algorithms, as seen in (Barmomanesh & Miranda-Soberanis, 2023;

Radovanović & Ivić, 2021; Radovanović et al., 2020).

The choice of fairness notion to prioritize, however, depends on the dataset available and the fair-

ness beliefs and principles of relevant stakeholders. For instance, researchers responsible for the
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development of the AFST and DCDA evaluated fairness based on calibration and accuracy equity

(Chouldechova et al., 2018). Accuracy equity is achieved when both protected and unprotected

groups share equal prediction accuracy, meaning that the AUC is equal across groups (Berk et al.,

2021). Calibration, on the other hand, is met when, for any predicted probability score (r ), individuals

in both protected and unprotected groups possess an equal probability of truly belonging to the posi-

tive class. This definition closely resembles statistical parity but extends it by considering the fraction

of correct positive predictions for any predicted probability or risk score r (Chouldechova & G’Sell,

2017). The well-calibration definition builds upon the calibration concept, asserting that, for any pre-

dicted probability score r , individuals in both protected and unprotected groups should not only share

an equal probability of truly belonging to the positive class but also ensure that this probability equals

r (Kleinberg et al., 2016).

With respect to beliefs and principles of relevant stakeholders, Cheng et al. (2021) conducted a

study to understand stakeholders’ perspective of algorithmic fairness in the child welfare context.

The results of this study showed that Equalized Odds is the more preferred group fairness approach

for child maltreatment risk assessment; however, there is no agreement about individual fairness

comparisons. Equalized Odds combines predictive equality and equal opportunity definitions and is

satisfied if protected and non-protected groups have equal TPR and equal FPR (Hardt et al., 2016).

No research similar to that conducted by Cheng et al. (2021) appears to have been undertaken in NZ.

Previous studies have revealed noteworthy findings regarding predictive risk models’ classification

patterns for different ethnic groups. For instance, Wilson et al. (2015) found that the developed pre-

dictive risk model classified Māori children as high risk at a higher rate relative to their share of known

maltreatment. Additionally, the model in (Rea & Erasmus, 2017) referred fewer NZ European and Pa-

cific Island children for further investigation compared to current practice. These findings suggest a

potential for predictive risk models to exhibit disparate referral rates among ethnic groups, character-

ized by over-referral for Māori children (FPR) and under-referral for children from other ethnic groups

(FNR). The notion of fairness is confined to the evaluation results of the developed predictive risk

model in terms of accuracy and fairness, as discussed further in Chapter 5 on methodology.
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Table 3.3: Considered group-level definitions of fairness in the child welfare context.

Definition Mathematical Definition Reference
Statistical Parity IP(ŷ |s = 0) = IP(ŷ |s = 1) (Dwork et al., 2012)

Conditional Statistical
Parity

IP(ŷ = 1|s = 0, XL) = IP(ŷ = 1|s = 1, XL) (Corbett-Davies
et al., 2009)

Predictive Parity IP(y = 1|ŷ = 1, s = 0) = IP(y = 1|ŷ = 1, s = 1) (Chouldechova &
G’Sell, 2017)

Predictive Equality IP(ŷ = 1|y = 0, s = 0) = IP(ŷ = 1|y = 0, s = 1) (Corbett-Davies
et al., 2009)

Equal Opportunity IP(ŷ = 0|y = 1, s = 0) = IP(ŷ = 0|y = 1, s = 1)
or

IP(ŷ = 1|y = 1, s = 0) = IP(ŷ = 1|y = 1, s = 1)

(Hardt et al., 2016)

Equalized Odds IP(ŷ = 1|y = 1, s = 0) = IP(ŷ = 1|y = 1, s = 1)
and

IP(ŷ = 1|y = 0, s = 0) = IP(ŷ = 1|y = 0, s = 1)

(Hardt et al., 2016)

Accuracy Equity IP(ŷ = y , s = 0) = IP(ŷ = y , s = 1) (Berk et al., 2021)

Calibration IP(y = 1|r , s = 0) = IP(y = 1|r , s = 1) (Chouldechova &
G’Sell, 2017)

Well-Calibration IP(y = 1|r , s = 0) = IP(y = 1|r , s = 1) = r (Kleinberg et al.,
2016)

Table 3.4: Summary of notations employed in Table 3.3.

Symbols Description
s Sensitive variable also referred to as protected variable for which fairness should be

recognised, with s = 1 representing the protected group (disadvantaged group), and
s = 0 representing the unprotected group (privileged group).

X Unprotected variables within the dataset .

XL A subset of variables which represent legitimate risk factors. Legitimate risk factors
refer to characteristics or features that are relevant to decision-making processes and
may legitimately affect outcomes.

y The actual outcome as presented in the dataset, with y = 1 representing the outcome
of interest and y = 0 representing the lack of such feature.

r Predicted probability or risk score for a certain outcome i , denoted by IP(y = i |s, x) = r .

ŷ The predicted value of the label variable, where ŷ is normally obtained from r . For
example ŷ = 1 when r is greater than a specified threshold.
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Table 3.5: The main concepts of the fairness definitions outlined in Table 3.3.

Notion of Fairness Concept

Statistical Parity Satisfied if the decision made based on the predicted value is
independent of a sensitive attribute (e.g., race, gender, ethnic-
ity ). It is also referred to as Group Fairness and Equal Accep-
tance Rate.

Conditional Statistical Parity Satisfied if the decision made for individuals sharing same
legitimate risk factors is independent of a specified sensitive
variable.

Predictive Parity Satisfied if both protected and unprotected group have equal
positive predictive value (PPV).

Predictive Equality Satisfied if both protected and unprotected group have equal
false positive rate (FPR). It is also known as False Positive
Error Rate Balance.

Equal opportunity Satisfied if both protected and unprotected group have equal
false negative rate (FNR). Mathematically a model with equal
FNR will also have equal true positive rate (TPR). It’s also
known as False Negative Error Rate Balance.

Equalized Odds It combines Predictive Equality and Equal Opportunity defini-
tions and is satisfied if protected and unprotected group have
equal TPR and equal FPR.

Accuracy Equity Satisfied if both protected and unprotected groups have equal
prediction accuracy. In other words, accuracy equity is satis-
fied if AUC is equal across groups.

Calibration Satisfied if for any predicted probability score r , subjects in
both protected and unprotected groups have equal probability
to truly belong to the positive class. This definition is similar to
Statistical Parity except that it considers the fraction of correct
positive predictions for any value of r.

Well-Calibration It extends the calibration definition stating that, for any pre-
dicted probability score r , subjects in both protected and un-
protected groups should not only have an equal probability to
truly belong to the positive class, but this probability should be
equal to r .

Note: A preface in this thesis, titled List of Formulae for Classification Metrics, has been created, providing a detailed
outline of the mathematical formulations used for various classification metrics in machine learning.



Chapter 4

Data Sources and Software

4.1 Overview of the Integrated Data Infrastructure (IDI)

This thesis utilised data from the IDI, managed by Stats NZ. The IDI is a large research database

containing microdata about individuals and households from a range of NZ government agencies,

Stats NZ surveys, and non-government organizations. Stats NZ collects data from different sources

and links them together to create the IDI (Stats NZ, 2022c). Figure 4.1 displays the types of data

available in the IDI.

Stats NZ grants access to the data on a case-by-case basis, provided that the research project meets

specific access criteria and demonstrably contributes to the welfare and well-being of the general pub-

lic and society as a whole. The project must meet several criteria to be considered. It should serve a

statistical purpose and benefit the public good. The research must be conducted by a credible team

with support from their organization, using the required data for the project, provided it is available in

the IDI. Stats NZ must be able to enforce an agreement, and the research findings must be released

publicly.

Additionally, researchers need to have the necessary skills to work with the data, such as intermedi-

ate SQL coding skills, with most researchers using SQL, SAS, R, or Stata. The Stats NZ application

review process involves assessment by subject matter, legal, and methodology teams, possibly with

input from data suppliers. Referees will be contacted, and additional information may be requested.

Final approval is granted by the Government Statistician or a delegate. Following approval, confiden-

tiality training is undertaken before access is granted.

Every dataset has had personal identifiers removed or encrypted; hence, the risk of disclosure of

57
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Figure 4.1: Data in Stats NZ Integrated Data Infrastructure (IDI).

Note: This figure is obtained from the Stats NZ website (Data in the IDI).

personal information is reduced to a minimum. There is an encrypted identifier for each identity in the

IDI that is common across all datasets, allowing researchers to link variables from multiple sources to

gain system-wide insights (Stats NZ, 2023). Data is subject to the Data and Statistics Act 2022 and

the Privacy Act 1993 to protect the identities of people involved in the data they hold. Further, to pro-

tect the privacy of individuals, data can only be accessed through a secure virtual environment, and

only in research facilities approved by Stats NZ. Additionally, Stats NZ conducts thorough checks on

all outputs before their release from the Data Lab to ensure that no information identifies individuals

(Stats NZ, 2022a). In this study, all findings and statistical analyses have been reviewed by qualified

Stats NZ personnel.

4.2 Application Process for IDI Access

The application process commenced with a pre-application meeting with Stats NZ staff, where valu-

able advice was provided on the feasibility of the research and the most relevant data for the proposal.

During this meeting, the staff discussed potential concerns to address in the application and offered

guidance on demonstrating responsiveness to the Te Tiriti o Waitangi (The Treaty of Waitangi) and

human rights obligations. In order to submit the application to Stats NZ, approval was required from

https://www.stats.govt.nz/integrated-data/integrated-data-infrastructure/data-in-the-idi/
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both the AUT Ethics Committee and the Ministry of Health’s Health and Disability Ethics Committees.

Following approval, participation in confidentiality training was mandatory, and a test was successfully

completed before access was granted.

4.3 Datasets

Due to the nature of this research, a combination of Census data and administrative data was used.

The administrative data utilized in this thesis are sourced from government agencies and are ac-

cessible through the Stats NZ IDI database. Every dataset comprises a collection of tables, each

containing available records. For a detailed overview of the datasets utilized, their sources, and the

tables available within each dataset, see Table 4.1.

4.3.1 Child, Youth and Family (CYF) Data

The CYF data is operational and is used by Oranga Tamariki—Ministry for Children to manage busi-

ness operations. The tables in this dataset contain administrative records, focusing on children or

young persons identified as people at risk of harm, ill-treatment, abuse, neglect, or deprivation. It

also covers cases where a child or young person has allegedly committed an offense, or concerns

are raised about their behaviour or security of care. A child’s or young person’s data is captured in

the dataset when a report of concern is lodged with entities such as Oranga Tamariki, the Police,

other law enforcement agencies, or the Youth and Family Courts. The CYF data includes details

about person identities, characteristics, relationships, chronological facts, and information about spe-

cific events in a person’s life such as proceedings, actions, measures, trials, procedures, dealings,

occasions, and happenings (Stats NZ, n.d.).

The dataset development process in this work relies significantly on this dataset, as the majority of

predictor variables and the outcome variable are encoded using information extracted from its existing

tables. For a comprehensive list of the features extracted based on records available in the CYF data,

see Table A.1 of Appendix A. Starting with the intake table, which identifies notifications received by

Oranga Tamariki for constructing the sample cohort, and extending to the abuse and investigation

tables for encoding the outcome variable, the CYF data serves as the basis for our research dataset

development process.

As reviewed in Section 3.3.1 and Section 3.3.2, research indicates that a history of prior interactions
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with child protective services, including the number of past reports of concerns and instances of mal-

treatment, is consistently linked to the likelihood of experiencing maltreatment (Littell & Schuerman,

2002; Rittner, 2002; Swanston et al., 2002). This correlation extends to the parents’ or caregivers’

experiences during their own childhood, and other children within the family (Widom et al., 2009).

Consequently, this dataset also takes on a central role in this work, being utilized as the primary

dataset for developing the model. The fundamental aim of the base model is to identify high-risk

children by utilizing information extracted from Oranga Tamariki’s administrative data. Subsequently,

the encoded variables are linked to related datasets to explore enhancements in model performance

when Oranga Tamariki’s data is integrated with information from other organizations.

4.3.2 Children’s Action Plan Data

The Children’s Action Plan (CAP) data focuses on demographic and referral details of vulnerable

children under CAP’s care. While the CAP has been renamed Children’s Teams, it is still referred to

as CAP within the IDI.

Children’s Teams are designed to support children and families with complex needs who do not qual-

ify for statutory care and protection services. Statutory care and protection services are services

that are legally required and typically involve formal governmental intervention to ensure the safety

and well-being of individuals, particularly vulnerable populations such as children. Involvement with

children’s teams is voluntary, and families must agree to engage (Liston-Lloyd & Sun, 2019). Chil-

dren’s Teams support families through an integrated approach, where agencies, non-government

organisations, and community members share information, collaboratively assess children and their

family needs, develop a single plan of action, and facilitate access to necessary services (Oranga

Tamariki, 2023b). The children’s teams address various situations, such as children in homes with

family violence, those facing school-related challenges, those with social or behavioural problems,

unaddressed health issues, and families dealing with social or economic issues, requiring strength-

ened parenting capacity. In cases where concerns and risk factors persist, statutory intervention may

be necessary (Liston-Lloyd & Sun, 2019)

Child maltreatment is a complex public health issue, influenced by a variety of risk and protective

factors across different levels of the socio-ecological model. These factors can accumulate and in-

teract in ways that either increase or decrease the likelihood of maltreatment occurring (Masten &

Wright, 1998). Research has identified several community-level protective factors against child mal-

treatment. Key among these are the availability of services for parents and families, such as health,
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social, and educational resources. Additionally, neighborhood processes like social cohesion (mutual

trust among neighbors) and social control (willingness to intervene) play critical roles (A. E. Austin

et al., 2020). Information derived from CAP data has been instrumental in identifying whether a child

or young person has been under the care of the Children’s Teams and has received social and com-

munity supports. The encoded predictor variables derived from this information have the potential

to serve as protective factors against future child maltreatment. Furthermore, CAP data have been

utilized to create a set of predictor variables indicating the history of children’s complex needs based

on the information captured in its existing tables. For more details on the features extracted from this

dataset, see Table A.2 of Appendix A.

4.3.3 Personal Details Data

The Personal Details dataset, sourced from Stats NZ, encompasses the most up-to-date demo-

graphic information for individuals born in NZ. It comprises key details such as gender, birth dates,

death dates, and ethnicity. Additionally, the dataset provides Stats NZ encrypted IDs for the parents,

enabling linking of children and young persons under analysis with their respective parents. This

source of information has been utilized in this study to encode predictor variables reflecting demo-

graphic characteristics of children in our sample cohort as well as their parents and siblings. For the

complete list of features extracted from Personal Details data, see Table A.3 in Appendix A.

4.3.4 Benefit Dynamics Data

The Benefit Dynamics Data (BDD) is a comprehensive repository within the IDI. It includes detailed

information about individuals who have received primary working-age social welfare benefits over

defined periods referred to as spells. Collected since 1990 and regularly updated, this dataset pro-

vides essential insights into the demographic characteristics of beneficiaries. It precisely tracks their

changing benefit status and other circumstances, including the start and end dates of their social

welfare benefit periods.

BDD is primarily sourced from the Social Welfare Information for Tomorrow Today (SWIFTT) system

administered by the Ministry of Social Development. In addition to the benefit type received, BDD

covers the social welfare benefit histories of the partners and dependent children of the primary ben-

efit recipient.

As reviewed in Section 3.3.3, in the domain of child maltreatment research, poverty is commonly mea-

sured through indicators such as annual household income or participation in public benefit programs
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(Conrad-Hiebner & Byram, 2020; Mulder et al., 2018; Yang, 2015). By capturing benefit histories of

parents and family members, BDD enables the determination of whether they were receiving bene-

fits at the time of care and protection notification or had a prior history of involvement with the social

welfare system.

The information extracted from the BDD serves a pivotal role in encoding predictor variables that are

influential in constructing the training data required for the development of the predictive risk model.

These variables are important as they provide a holistic understanding of the socio-economic dy-

namics surrounding the child and their family. For the list of features extracted based on the records

available in the BDD dataset, see Table A.4 of Appendix A.

4.3.5 Sentencing and Remand Data

The Sentencing and Remand data tables contain administrative data collected since 1998 and fo-

cus on convicted adult offenders subject to either community sentences or imprisonment, as well as

individuals remanded until the completion of their trials. The information related to legal warrants,

sentences, and releases is sourced from the Department of Corrections, the Courts, Ministry of Jus-

tice, and Police. Essentially, the Sentencing and Remand data provides a chronological sequence of

events and periods, offering insights into how each offender is managed by the Department of Cor-

rections and providing a comprehensive overview of events associated with each managed period.

Previous studies, as discussed in Section 3.3.2, have recognized the criminal record of parents or

caregivers as a significant risk factor for child maltreatment (Mulder et al., 2018). The information

extracted from the tables in the Sentencing and Remand data facilitated the encoding of predic-

tor variables to indicate whether a child is currently residing or has previously resided in the same

household as an adult recently released from prison due to offenses related to family violence and

other offences. For the list of features extracted from the Sentencing and Remand data, see Table

A.5 in Appendix A.

4.3.6 Programme for the Integration of Mental Health Data

The Programme for the Integration of Mental Health Data (PRIMHD) is a comprehensive National

Mental Health and Addiction information collection managed by the NZ Ministry of Health. It consoli-

dates data on service activities and outcomes for individuals across the country. The primary purpose

of PRIMHD is to report on the types of services offered, identify service providers, and assess the

outcomes achieved within the Mental Health and Addiction sector. Healthcare entities, including



CHAPTER 4. DATA SOURCES AND SOFTWARE 63

district health boards and non-governmental organizations, submit their activity and outcomes data

electronically to the Ministry of Health’s National Collections and Reporting.

As reviewed in Section 3.3.2, recognized risk factors for child maltreatment include mental health

problems and substance or alcohol use disorders among caregivers (A. E. Austin et al., 2020; Ayers

et al., 2019; Huckle & Romeo, 2023). In this context, the PRIMHD dataset becomes a valuable re-

source for generating predictor variables that may play a crucial role in determining whether parents

or caregivers have a history of addiction or mental health problems, thereby contributing to a potential

improvement in the predictive power of models being developed (Rea & Erasmus, 2017). For the list

of features extracted from the PRIMHD data, see Table A.6 in Appendix A.

4.3.7 2018 Census

The NZ Census of Population and Dwellings is the official count of the number of people and dwellings

in NZ on a specific Census night (e.g., 6 March 2018). This includes everyone on NZ soil, on a ves-

sel in NZ waters, or on a passage between NZ ports. However, NZ residents who are abroad on

Census night are not included in the Census. The first official Census was conducted in 1851, and

since 1877, a Census has been carried out roughly every five years (Stats NZ, 2022d). It contains

detailed information on individual characteristics, such as the year and month of birth (the day of birth

is redacted in the IDI), age, gender, ethnicity, education, country of birth, income, etc.

In this thesis, data from the 2018 Census was used as it represented the most recent and up-to-date

information available at the time of analysis and was closely aligned with the 2017 and 2018 Sam-

ple Cohorts used in this study. The Census information was recognized as valuable for encoding

predictor variables related to significant risk factors associated with child maltreatment. These vari-

ables specifically focus on the family dynamic and parental characteristics of children and people in

our sample cohort. For the list of features extracted from the 2018 Census data, see Table A.7 in

Appendix A.
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Table 4.1: Summary of datasets utilized in this work.

Data Source Coverage Tables
CYF Data Oranga Tamariki 1991-Ongoing -Intake,

-Investigations,
-Safety and Risk screens,
-Abuse,
-Partnered Response,
-Placements,
-FGC,
-FWA,
-Legal Status,
-Contact Record
-Identity Cluster,
-Sociocultural Characteristics,
-Event from/to Date,
-Staff Phase Allocation,
-Gateway Client Needs,
-Care Continuum Segmentation
Options

Children’s Action
Plan (CAP)

Oranga Tamariki 2013-Ongoing -Demographics,
-Referrals

Benefit Dynamics
Data (BDD)

Ministry of Social
Development

1990-Ongoing -Benefit Spells
-Partnership Status of Primary
Beneficiaries
-Children in Benefit Entitlement
-Incapacity Benefits Reason Codes
-Benefit District Office Details,
-Main Benefit Daily Rate (First Tier
Expenditure)
- Supplementary Benefit Daily Rate
(Second Tier Expenditure)
-Ad hoc Payments to Beneficiaries
(Third Tier Expenditure)

Sentencing and
Remand Data

Department of
Corrections

1998-Ongoing -Offender Aliases,
-Offender Programme Completions,
-Offenders,
-Major Management Periods,
-Major Periods,
-Periods.

Program for the
Integration of
Mental Health
Data (PRIMHD)

Ministry of Health 2008-Ongoing -PRIMHD
-PRIMHD Supplementary Consumer
Record
- PRIMHD Mental Health Information
National Collection
- PRIMHD Diagnosis Information
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Table 4.1 Continued from previous page
Data Source Coverage Tables
2018 Census Stats NZ 6 March 2018 -Unoccupied Dwelling,

-Absentee,
-Extended Family,
-Family,
-Household,
-Individual,
-Dwelling,
-Area,
-Address.

Personal Details
Data

Stats NZ - -Demographics.

4.4 Limitations and Challenges of Administrative Data

The utilization of administrative data for predictive modeling via machine learning algorithms of-

fers several advantages, such as large sample sizes, cost-effectiveness, and real-world applicability

(AsadZadehZanjani, 2022). However, its application is accompanied by inherent challenges. One

such challenge lies in the potential for biases and insufficient representativeness, where certain so-

cial groups may be underrepresented in the training data (Parycek et al., 2023). Administrative data

are initially entered by humans, making them susceptible to errors, such as inaccuracies in names or

addresses, or missing information, crucially compromising the overall quality of the data (Glaberson,

2019). Additionally, administrative data may not accurately represent the general population since

it mainly includes individuals who interact with specific systems or services. As a result, the ability

of predictive models developed using this data to apply to broader populations may be limited. It

is essential, consequently, to identify systematic biases during the development of predictive mod-

els, particularly when they are employed in decision-making processes involving individuals or legal

entities (Parycek et al., 2023). For example, large datasets available in the IDI are not necessarily

representative of the population of interest. Police data, while extensive and routinely collected, is a

notable example: although it serves administrative and operational purposes, its use for research and

policy must be approached with caution, as generalising from such data to the broader population can

be misleading, depending on the context. Moreover, the 2018 New Zealand Census had a notably

poor response rate, particularly among Māori, rural communities, and economically disadvantaged

populations, further highlighting issues of underrepresentation in key national datasets.

Another significant limitation of applying machine learning methods to administrative data is that
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the data cannot be readily analyzed in their raw form. This challenge arises when substantial pre-

processing of the data is necessary to make it suitable for machine learning algorithms. The pre-

processing step is crucial, as it significantly impacts the quality of the models applied across various

domains, including child welfare. As discussed by Parycek et al. (2023), a critical aspect of model

quality lies in the ability to extract relevant information from raw data through proper transformations,

thereby enhancing predictive capabilities. Analyzing complex data, such as child welfare records, in-

volves constructing a flat representation from multi-dimensional and highly temporal databases. The

pre-processing aims to reduce data complexity and extract or construct relevant attributes for subse-

quent analysis (Kuhn & Johnson, 2013).

The majority of administrative data records are available with timestamps, offering a chronological

sequence of events that serves as a vital input for machine learning models. In the context of child

welfare, for instance, administrative data capture the chronology of events related to children and

families under care. This temporal aspect is crucial for machine learning models, as it provides

valuable insights into patterns and trends over time. For example, the frequency and duration of

interactions with child welfare services can indicate the severity of a family’s situation or the effective-

ness of interventions. Furthermore, the time elapsed between significant events, such as placements

or reunifications, can offer important context for understanding the dynamics of child welfare cases

(DePanfilis & Zuravin, 2001; Fluke et al., 1999). As a result, it is imperative to establish optimal

pre-processing techniques for administrative data in the time domain to maximize the performance

of machine learning algorithms (Taib & Messier, 2024). To overcome these challenges, it’s essential

to carefully assess data preparation techniques and validation methodologies. Moreover, strict mea-

sures are needed to address privacy and confidentiality concerns, ensuring compliance with ethical

guidelines and responsible handling of sensitive data (Stats NZ, 2018a). Despite these limitations,

administrative data remains a valuable asset for predictive modeling in research. However, achieving

its full potential requires interdisciplinary collaboration and methodological precision to enhance its

effectiveness and trustworthiness.

4.5 Statistical Analysis Software

In this study, R was used as the primary software for statistical computing. R is a powerful program-

ming language designed for statistical analysis and data visualization (R Core Team, 2022). All code

for data analysis and model development was written and executed within RStudio, an integrated

development environment specifically created for R (Posit team, 2022).
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One of R’s key strengths lies in its extensive collection of packages. These packages, which contain

code, data, and documentation, can be easily installed by users, typically through central reposito-

ries like CRAN (the Comprehensive R Archive Network). A complete list of the R packages used to

develop the models in this study is provided in Table 4.2. The datasets outlined in Table 4.1, which

are essential for our analysis, were retrieved from the Stats NZ SQL Server database using SQL

Server Management Studio (SSMS). These datasets were then imported into R for further analysis.

Individuals within these tables were linked using Stats NZ encrypted IDs to extract the necessary

information and records for encoding the predictor variables in this study. For further details on the

linkage process and the development of the research dataset, see Figure 5.1.

Table 4.2: packages being used to train the candidate models in this thesis.

Method package Reference Comments
-Logistic
Regression
-Support
Vector
Machine

caret (Kuhn, 2008) Provides a comprehensive suite of
functions for building predictive
models, including tools for data
splitting, pre-processing, feature
selection, and model tuning using
resampling methods like
cross-validation.

Regularized
Logistic
regressions

glmnet (Friedman et al., 2021) Fits generalized linear and similar
models via penalized maximum
likelihood. The regularization path is
computed for the lasso or elastic net
penalty at a grid of values (on the
log scale) for the regularization
parameter lambda. It fits linear,
logistic and multinomial, Poisson,
and Cox regression models. The
value of hyper-parameters is
obtained using inner ten-fold cross
validation.

Random
Forest

randomForest (Liaw & Wiener, 2002) Implements Breiman’s random
forest algorithm (based on Breiman
and Cutler’s original Fortran code)
for classification and regression. It
can also be used in unsupervised
mode for assessing proximities
among data points.

Extreme
Gradient
Boosting

Xgboost (Chen et al., 2024) Implements gradient boosting
framework and commonly used for
classification, regression, and
ranking tasks in machine learning.

Constrained
Logistic
regression

nloptr (S. G. Johnson, 2008) Enables the use of various
optimization algorithms for solving
nonlinear programming problems.





Chapter 5

Methodology

5.1 Introduction

Logistic regression serves as the central methodology in this thesis. Our research adopts an in-

processing approach to fairness-aware machine learning, drawing inspiration from previous works as

proposed by Zafar et al. (2019) and further extended by Radovanović et al. (2020). The former intro-

duced a flexible, constraint-based framework to enable the design of fair boundary-based classifiers.

Their framework was tested on real datasets from the employment and finance sectors, demonstrat-

ing to a large extent its efficiency in limiting disparate impact (also known as statistical parity) with

minimal loss in accuracy, offering at the same time greater flexibility compared to other methods

(Radovanović et al., 2020).

Our fairness-aware machine learning approach integrates fairness constraints, derived from the fair-

ness assessment of candidate models in this work, directly into the logistic regression learning phase.

This methodology has been adopted to address unfairness in the NZ child welfare context for two

reasons. First, logistic regression is preferred in this field due to its simplicity and interpretability, as

evidenced in previous studies. Second, although constrained classification methods have not been

previously employed in the child welfare context, they show potential for improving fairness in model

predictions. Tables 3.1 and 3.2 provide an overview of studies conducted in the child welfare domain.

The statistical analysis in this thesis was conducted in two main stages. The primary objective at

the initial stage was to address our first research question, which investigates the factors influencing

the predictive accuracy of risk models intended for use by child protective services. We incorporated

additional relevant features beyond those employed by Rea and Erasmus (2017), aiming to capture

69
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significant information or interactions within the data.

The primary data source for this study was administrative datasets queried from the IDI, managed

by Stats NZ (see Table 4.1). Substantial focus was placed on feature engineering, which involved in-

corporating domain knowledge to transform existing administrative records from various government

agencies and NZ Census data into meaningful predictor variables. Additionally, ensuring data quality

was a critical aspect of this process, involving the imputation of missing values, removal of outliers,

and thorough data cleaning to maintain the integrity of the dataset.

Logistic regression models were then trained on these predictors to evaluate the potential enhance-

ment in risk prediction resulting from the inclusion of new variables through data linkage. Both stan-

dard logistic regression and regularized methods such as Ridge, LASSO, and Elastic Net, were

employed. These models are referred to as baseline models throughout this thesis.

Standard logistic regression was chosen as a baseline model due to its proven success in previous

NZ studies and its application in the initial version of the Allegheny Family Screening Tool (AFST)

(Vaithianathan et al., 2017). Regularized regression methods, such as LASSO, were considered

based on their strong performance in recent U.S. studies, where LASSO was identified as the best

model for overall prediction accuracy, particularly for high-risk groups. These studies demonstrated

that LASSO achieved similar accuracy for both African-American children and children from other

racial groups (Centre for Social Data Analytics, n.d. Putnam-Hornstein et al., 2022; Vaithianathan,

Kulick, et al., 2019). Despite its success in the U.S., regularized logistic regression methods like

LASSO have not been explored in NZ studies. Our goal in applying these methods is to evaluate

whether the performance observed in the U.S. can be replicated in the NZ context, with a specific

focus on comparing the accuracy for Māori children against children from other ethnic groups. In

addition, more advanced predictive models, including random forest, support vector machine, and

XGBoost, were assessed to examine the impact of different modeling approaches on risk predic-

tions.

The second stage of our analysis aimed to address the remaining research questions, which were as

follows:

(a) Investigating the factors contributing to the unfairness of algorithms used to predict the risk of

adverse events, particularly those related to care and protection concerns in this thesis.

(b) Examining the feasibility of developing a predictive risk model that is both more accurate and

fair.
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(c) Exploring potential measures that child welfare authorities could implement to mitigate or pre-

vent algorithms from exhibiting discriminatory behaviors.

This stage involved a detailed examination of the ethnic disparities in the predictions made by the

candidate models. Through the application of specific pre-designed constraints in our fairness-aware

machine learning approach, we addressed the sources of bias by enforcing fairness constraints dur-

ing the model training phase. We then evaluated the impact of these constraints on both the accuracy

and fairness of the predictions. Our goal here was to develop a framework that ensures equitable

treatment to a large extent between Māori children and children from other ethnic groups, while also

maintaining the predictive performance of the risk models.

The following sections provide a detailed examination of the methodologies employed, including data

sources, pre-processing steps, model training procedures, and the evaluation metrics used to as-

sess both predictive performance and fairness. By addressing these challenges, this study aims to

contribute to the development of fairer and more effective predictive models that can be ethically

integrated into child welfare decision-making practices.

5.2 Data

5.2.1 Outcome Variable

The outcome variable is derived from the NZ Ministry of Social Development’s conceptualization of

estimated care and protection concern (Rea & Erasmus, 2017). In practice, it is defined to predict, for

each child notification, the probability that one or more of the events outlined in Table 5.1 will occur

within two years of the initial notification. This probability could serve as a decision-assistance tool,

guiding social workers in intake decision-making based on the risk thresholds established by the wel-

fare system’s screening process. The response outcome would then be either ’intake’ or ’no intake.’

Specifically, if the predicted probability exceeds a predefined threshold, the decision is likely to result

in an ’intake,’ meaning the case will be prioritized for further investigation or intervention. Conversely,

if the probability falls below the threshold, the decision may result in ’no intake,’ meaning the case will

not be pursued further. Therefore, the outcome variable directly influences whether or not a child’s

case will be prioritized for intervention, based on the estimated level of risk.

While the method of estimating underlying care and protection-related concern based on events in

Table 5.1 is a reasonable approximation, there are instances where it might not be accurate (A.
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James et al., 2019; Rea & Erasmus, 2017). For example, the measure of estimated care and protec-

tion concern is not fully independent of NZ child protective services’ practice. This measure is based

on current practices, such as referrals to Family Group Conferences (FGC),8 Family Whānau Agree-

ments (FWA),9 and substantiated findings of maltreatment10 as well as on future intake decisions

(Rea & Erasmus, 2017). Consequently, any changes in these practices may lead to misclassifica-

tions, especially considering the reforms in the NZ child protection system following the transition

from CYF to Oranga Tamariki—Ministry for Children in April 2017 (New Zealand Family Violence

Clearinghouse, 2017).

As an attempt to address these complexities, we extended our analysis beyond a two-year time frame

in (A. James et al., 2019; Rea & Erasmus, 2017). We included subsequent events within the next

three and four years for the population of children under analysis. This approach aimed to account

for policy changes that may have potentially influenced decision-making practices by the current child

welfare agency.

To formulate the outcome variables, thus, subsequent events within the next two, three, and four

years were identified for our sample cohort. The outcome variables dichotomously coded, reflected

children status as to whether they have experienced at least one of the events from Table 5.1 within

the specified period of their initial notification.

The outcome variable (estimated care and protection concern) can be represented in mathematical

form as:
If y (Event 1) = 1 or y(Event 2) = 1 or y(Event 3) = 1, then

y (Estimated care and protection concern) = 1, else

y (Estimated care and protection concern) = 0.

(5.1)

To identify the outcome variable that most effectively predicts care and protection concern, separate

LASSO logistic regression models were employed, utilizing a comprehensive set of predictor vari-

ables initially encoded based on recognized child maltreatment risk factors (see Section 5.2.3). The

LASSO logistic regression was chosen as the primary methodology at this stage due to its efficacy in

managing multicollinearity, performing feature selection and improving generalization (Akalin, 2020;

Tibshirani, 1996). More details on LASSO logistic regression can be found in Section 5.3.2.2.

8Family Group Conference (FGC) is a formal meeting where child protective services and the extended family of
children work together to develop a plan to address any care and protection concerns, needs, or well-being issues relating
to the child.

9Family/Whānau Agreement (FWA) is an agreement between the family and child protective services that addresses
concerns for their children and outlines how the NZ child welfare system will support them.

10Substantiated findings of maltreatment means that the social worker has obtained clear and sufficient evidence to
determine that maltreatment has occurred.
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Table 5.1: Care and protection-related events used to define the outcome variable (estimated care and protec-
tion concern).

Event 1 A substantiated finding of maltreatment including physical, sexual, emotional
abuse, or neglect.

Event 2 A site social worker recommending a FGC or developing a FWA.
Event 3 The child or young person being the subject to a further notification which will be

assessed as an intake.

In contrast to some earlier models that focused solely on substantiated findings of maltreatment to re-

flect high estimated concern (Vaithianathan, 2012; Vaithianathan et al., 2018; Wilson et al., 2015), our

study adopts a broader definition. We include subsequent referrals and interventions in our definition

of estimated care and protection concern, intending to capture the actions taken by child protective

services to prevent maltreatment. Table B.1 in Appendix B presents the distribution of this outcome,

along with related events, within the specified time frames for the sample cohorts analyzed in this

thesis.

5.2.2 Sample Cohort and Sample Construction

This work focuses on care and protection notifications received between April 1, 2017 and March

31, 2018 under Section 15 of the Oranga Tamariki Act 1989. Two key considerations guided our

selection of this cohort. First, the transition from CYF to Oranga Tamariki — Ministry for Children in

April 2017, which signifies a reform in the NZ child welfare system. Selecting notifications received

by child protective services post-reform allows us to consider policy changes that may have impacted

the decision-making practices of the current child welfare agency. Secondly, utilizing the most recent

data within the Stats NZ IDI database system during our analysis, i.e. the latest records from the Min-

istry for Children dated August 2022. Selecting a cohort of children reported in this period enabled

us to reliably track these individuals up to a four-year period following the initial notification.

The process begins with the intake data from the CYF records, where historical notifications to the

child welfare agency are documented. From the 110,058 notifications received between April 1, 2017

and March 31, 2018, we applied the inclusion criteria illustrated in Figure 5.1.

To be eligible for our analysis, notifications had to meet the following criteria: they must have been

made within the specified period, under Section 15 of the Oranga Tamariki Act, and not have been

submitted solely to provide additional information for a prior report of concern.
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Figure 5.1: Summary of our final sample cohort construction process.

Recognizing the possibility of multiple notifications for the same child within this time frame, we priori-

tized the child’s initial notification for inclusion in our sample. Additionally, notifications were excluded

if key demographic information such as the child’s month and year of birth, ethnicity, or gender was

missing (n=999).

To ensure a consistent measurement of care and protection outcomes over the subsequent two,

three, and four-year periods (Section 5.2.1), only children who were 16 years of age or younger at

the time of their initial notification were included in the analysis (n=59,475). This criterion aligns with

the focus of the NZ child welfare system, which predominantly captures records for individuals aged

18 or younger.

However, during the initial training of LASSO logistic regression models to find the optimal outcome

variable, we tailored the sample cohort according to the age of the children. As illustrated in Figure

5.2, this means that when predicting the outcome (estimated care and protection concern) within a

two-year time frame, we included children who were 16 years old or younger at the time of notification

(n=59,475). For the three-year prediction window, children aged 15 years or younger were included
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Figure 5.2: Sample size based on the outcome variable time frame and the children’s age.

(n=57,039), and for the four-year prediction window, the analysis was restricted to children who were

14 years old or younger at the time of their initial notification (n=54,111).

5.2.3 Predictor Variables Encoding Process

The predictor variables for this study were mainly coded based on domain knowledge, and with the

specific objective of enhancing the predictive power of the baseline logistic regression models. Fig-

ure 5.3 illustrates the development process of the research dataset, providing a visual representation

of how various data sources were integrated to construct the final dataset used in this thesis. The

diagram details the data linkage process, including the relevant tables and the Stats NZ encrypted

IDs used to link the data.

The encoding process of predictor variables from raw administrative data and Census data was sig-

nificantly influenced by the availability of records within the data outlined in Table 4.1, coupled with

a comprehensive review of relevant literature and academic studies concerning the risk factors as-

sociated with adverse childhood outcomes, such as maltreatment (see Section 3.3). A thorough

examination of the Stats NZ’s IDI data dictionaries and classification files provided by government

agencies facilitated the extraction of relevant information. These classification files contain descrip-

tions of coded values within the administrative data of each respective agency.

As depicted in Figure 5.3, the research dataset development process began with the CYF data,

specifically utilizing the Intake table, where historical records of notifications made to NZ child pro-

tective services are accessible. After identifying unique children associated with these notifications

in our sample cohort, these were linked to their other records from the CYF data, Children’s Action

Plan data, and Personal Details data. This process allowed encoding of the relevant predictors to the

history of interactions with child protective services, as well as the demographic characteristics of the
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Figure 5.3: Stages of the research dataset development process through data linkage and integration.

children and their parents. Furthermore, the dataset was expanded by linking it to records available

in Benefit Dynamics Data, Sentencing and Remand data, PRIMHD, and 2018 Census data to encode

other predictor variables related to parents characteristics and family characteristics. Specifically, for

each notification, we constructed data on the child and their family history, including information on

the subject child, other children in the family, and parents.

For the complete list of initial features extracted from these data sources, categorized by their level

and domain of risk factors, please refer to Tables A.1-A.7 in Appendix A. These features are sys-

tematically organized to provide a structured overview of the features included in the analysis. The

Feature Level column of the tables indicates the specific entity to which each feature pertains, spec-

ifying whether it is related to the child, the family, or the parents. The Domain column categorizes

each feature based on the type of information it represents, such as demographic details, socioeco-

nomic status, family structure, criminal history, or other relevant risk factors. Crucially, the features

listed in these tables are not the final predictor variables used to train our candidate predictive risk

models. The final predictor variables were identified following an extensive pre-processing phase.

This phase involved evaluating the predictive power of each feature and analyzing their interactions.
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Furthermore, we introduced and integrated new relevant features, transformed existing ones, and

incorporated domain knowledge to enrich the dataset. The final predictors are categorized into four

groups: child predictors, parents predictors, family predictors, and others. Tables A.8-A.11 present

the final list of predictors utilized for training the candidate predictive risk models in this thesis.

5.2.3.1 Ethnicity Classification and Prioritization

In the predictor variables encoding process, ethnicity was extracted from the Personal Details Data

available in the IDI. Given the possibility for individuals to identify with multiple ethnicities, especially

those overlapping between Māori and Pacific communities, we adopted the Oranga Tamariki ap-

proach to prioritize ethnicity (Oranga Tamariki, 2023a). Children and young people with unknown

age ethnicity and gender are excluded from the analysis. Oranga Tamariki classifies ethnicity into

four high-level categories:

• Māori: Children who identify Māori as one of their ethnicities.

• Māori and Pacific: Children who identify both Māori and Pacific as their ethnicities.

• Pacific: Children who identify as Pacific (but not Māori).

• NZ European and Others: Children who do not identify as Māori or Pacific. This category

includes NZ European, European, Asian, Middle Eastern, Latin American, African, and other

ethnicities.

However, since the primary focus of our analysis is on Māori, we adopted the ethnic classification

method used for disparity analysis in (Oranga Tamariki, 2023a), as outlined below:

1. Māori: This group includes children from both the ‘Māori’ and ‘Māori and Pacific’ categories

outlined above.

2. Pacific: This group includes children from the Pacific category.

3. NZ European and Others: This group includes children from the ‘NZ European and Other’ cat-

egory, encompassing New Zealand European, European, Asian, Middle Eastern, Latin Ameri-

can, African, and other ethnicities.
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5.3 Model Development Process

The process consisted of three stages, each with distinct objectives and methodologies focused on

refining datasets and enhancing model performance.

The first stage focused on evaluating multiple data linkages formed by integrating information from

various governmental sources. The goal was to identify the linkage that provided the highest predic-

tive power (AUC) while minimizing ethnic disparities. Baseline logistic regression models were used

to determine the most robust dataset for further modeling.

Building on the insights from the first stage, the second stage involved training and evaluating ad-

vanced models such as random forest, support vector machine, and XGBoost. This stage aimed to

maximize predictive performance while addressing potential predictive bias, particularly concerning

Māori children. A comprehensive evaluation framework was employed, incorporating traditional per-

formance metrics along with fairness metrics such as calibration, accuracy equity, equalized odds,

and statistical parity.

At both stages, two distinct logistic regression models were developed. The first model, termed "full

logistic regression," included all predictor variables. The second model, called "refined logistic re-

gression," was trained using only the predictors from the full model that met an entry criterion of

p-values less than 0.1. It is crucial to emphasize that the models developed in this thesis are pre-

dictive, not causal. The decision to include predictor variables with a p-value threshold of 0.1 in the

refined logistic regression model was guided by iterative experimentation with different cut-off levels

to optimize model performance.

In the final stage, a fairness-aware machine learning approach was implemented to investigate

whether the predictive bias identified against Māori children could be addressed, thereby developing

models that are both technically sound and ethically responsible.

5.3.1 Data Linkage Formed for Modeling

In this work, five distinct datasets were considered to evaluate the potential enhancement in risk

prediction through the integration of data available in Stats NZ’s IDI. Each dataset was constructed

using specific linkages between the data sources outlined in Table 4.1 and the process illustrated in

Figure 5.3. These linkages are as follows:

• Link 1L: Incorporates data from Child, Youth and Family, Children’s Action Plan records, and
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Personal Details data.

• Link 2L: Utilizes data from Benefit Dynamics, alongside Child, Youth and Family, Children’s

Action Plan records, and Personal Details data.

• Link 3L: Integrates Sentencing and Remand data with Benefit Dynamics, Child, Youth and

Family, Children’s Action Plan records, and Personal Details data.

• Link 4L: Incorporates data from the Program for the Integration of Mental Health (PRIMHD) with

Sentencing and Remand data, Benefit Dynamics, Child, Youth and Family, Children’s Action

Plan records, and Personal Details data.

• Link 5L: Incorporates data from the 2018 Census with the Program for the Integration of Mental

Health (PRIMHD), Sentencing and Remand data, Benefit Dynamics, Child, Youth and Family,

Children’s Action Plan records, and Personal Details data.

The baseline predictive models were trained and tested using predictor variables derived from each

linkage (1L - 5L), where each linkage incorporated all predictors from the preceding one, thereby ac-

counting for the cumulative effect of the added variables. With this approach, each subsequent stage

not only introduced new predictors but also retained all previous ones, allowing for a comprehensive

assessment of how the inclusion of new variables influenced the model’s performance and providing

a detailed understanding of their cumulative impact.

5.3.2 Model Training and Validation

After assembling required datasets, including both predictor variables and the outcome variable, and

applying necessary pre-processing techniques, a standard machine learning process (see Figure

3.2) was used to train the models. The dataset was randomly partitioned into training and testing

sets using a 70/30 split, with 70% of the records allocated for model estimation and 30% reserved

for internal validation. For robust validation, final candidate models were tested on a separate cohort

of children newly notified between April 1, 2018, and March 31, 2019 (external testing data). Due to

data limitations and the required four-year follow-up period, evaluation was limited to this cohort.

The model’s ability to generalize to new data was evaluated by cross-validation techniques, including

k-fold cross-validation. K-fold cross-validation is a resampling technique used to evaluate the perfor-

mance of a machine learning model on a limited data sample. It is commonly used to assess how well

a model will generalize to an independent dataset (Kuhn & Johnson, 2013). Hyper-parameter tuning
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was also critical for improving the model’s AUC. In this work, we employed 5-fold cross-validation for

hyperparameter tuning rather than the traditional 10-fold cross-validation. This choice was primarily

influenced by the computational constraints posed by our large dataset, which comprises over 50,000

observations and numerous predictors. By reducing the number of folds from 10 to 5, we achieved

a necessary balance between computational efficiency and model performance, ensuring that the

tuning process was both feasible and reliable.

Baseline logistic regression models were initially developed and tested using predictor variables from

each data linkage strategy in Section 5.3.1. The set of predictors that demonstrated the highest

predictive power, as indicated by AUC, was then used to evaluate various candidate modeling ap-

proaches, including logistic regression (both full and refined), regularized logistic regression (Ridge,

LASSO, and Elastic Net), random forest, support vector machine, and XGBoost. Each of these

methods is discussed in detail in the subsequent subsections.

5.3.2.1 Logistic Regression

Logistic regression was selected as the baseline model for this work due to its well-established reli-

ability and interpretability in binary classification tasks, and its proven effectiveness in predictive risk

modeling studies within the NZ child welfare context (A. James et al., 2019; Rea & Erasmus, 2017).

Logistic regression is a supervised machine learning algorithm aiming to predict the probability of

a binary outcome variable based on predictor variables. It is one of the simplest and most widely

used algorithms for classification problems, primarily because its outputs are interpretable and easy

to understand (G. James et al., 2013). The binary outcome is usually labelled as y = 0, y = 1. The

model, in its sigmoid form, is given by:

IP(y = 1|X ; w) = hw (X ) =
1

1 + e−wT X
, so (5.2)

IP(y = 0|X ; w) = 1 − hw (X ) =
e−wT X

1 + e−wT X
, (5.3)

Since y ∈ {0, 1}, IP(y |X ; w) = hw (X )y (1 − hw (X ))(1−y ), (5.4)

Where X represents the predictor variables and w represents the weights associated with them. The

logistic regression algorithm estimates these weights by minimizing the logistic loss function, also

known as the negative log likelihood, as shown in Equation (5.5):
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Minimize L(y , ŷ ) = −1
n

n∑
i=1

(yi log(ŷi ) + (1 − yi ) log(1 − ŷi )) , (5.5)

Where yi represents the actual observed value of the outcome variable for the i-th observation, and

ŷi = hw (xi ) is the predicted probability estimated by the model.

This loss function, as shown in Equation (5.5), plays a crucial role in guiding the model’s learning pro-

cess, as it quantifies how well the predicted probabilities align with the actual outcomes. It comprises

two main components: the contribution from correctly classified labels (true label) and the contribu-

tion from incorrectly classified labels (false label).

The true label contribution, represented by yi log(ŷi ), penalizes the model when it predicts a prob-

ability far from 1 for a positive outcome. Conversely, the false label contribution, represented by

(1 − yi ) log(1 − ŷi ), penalizes the model when it predicts a probability far from 0 for a negative out-

come. Together, these components ensure that the model is penalized for incorrect predictions,

thereby driving the optimization process to improve prediction accuracy.

By carefully balancing these penalties, the logistic loss function enables the model to iteratively adjust

its weights to better discriminate between the two classes, ultimately enhancing its predictive perfor-

mance (G. James et al., 2013). The logistic regression models in this thesis were trained using the

caret package in R (Kuhn et al., 2020).

To implement our proposed in-processing methodology for fairness-aware machine learning using

constrained logistic regression, the loss function in Equation (5.5) will be used as the objective func-

tion in an optimization problem. This objective function will be minimized while satisfying specific

fairness constraints. The detailed theory and formulation of these constraints will be discussed fur-

ther in Section 5.4.

5.3.2.2 Regularized Logistic Regression

In this thesis, regularized logistic regression methods were employed for their ability to handle high-

dimensional data and mitigate the risk of overfitting (Akalin, 2020; Tibshirani, 1996). This is particu-

larly important in child welfare research, where the relationships between numerous predictors and

outcomes are often complex and interdependent.

Regularization systematically adjusts the learning algorithm to improve performance on unseen data,
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including validation or entirely new datasets. It enhances traditional logistic regression by incorpo-

rating a penalty term into the loss function (see Equation (5.5)), which discourages the model from

placing too much emphasis on predictors with limited contributions, effectively shrinking their coeffi-

cients towards zero (Akalin, 2020). This technique, known as "shrinkage" or "penalized regression",

produces simpler models with smaller coefficients, promoting better generalization to new data. By

controlling model complexity, regularization prevents overfitting, where the model might capture noise

or random fluctuations in the training data rather than the true underlying patterns (Goodfellow et al.,

2016).

While this increased generalizability often results in slightly higher training error, it is a worthwhile

trade-off. Regularized models tend to be less precise on the training data but are more reliable when

applied to new data, making them particularly suitable for real-world applications (Goodfellow et al.,

2016). Consequently, regularization techniques like Ridge, LASSO, and Elastic Net are particularly

effective in child welfare contexts, as they improve model stability and generalizability by penalizing

excessive complexity and selectively retaining only the most relevant predictors (Akalin, 2020; G.

James et al., 2013)

For training purposes, our regularized logistic regression models, utilize the glmnet package in R

(Friedman et al., 2021). Regularization techniques such as Ridge, LASSO, and Elastic Net involve

the hyperparameter (λ) that controls the complexity of the model (see Equations (5.6), (5.7), and

(5.8)). This hyperparameter (λ) was optimized using 5-fold cross-validation to identify the model

configuration that maximized the AUC. According to Probst et al. (2019), averaging the results from

multiple repetitions of the entire cross-validation process yields more reliable results by reducing the

variance of the estimation.

a) Ridge

Ridge regression, also known as L2 regularization, achieves shrinkage by adding a penalty term of

the form :λ
∑P

j=1 w2
j , to the logistic loss function. This penalty term is proportional to the sum of the

squared coefficients. The updated loss function for Ridge logistic regression is:

L(y , ŷ ) + λ
P∑

j=1

w2
j , (5.6)

Where L(y , ŷ ) represents the logistic loss function (Equation (5.5)), j denotes the number of coeffi-

cients or weights in the model, and λ is the regularization parameter that controls the strength of the

penalty.
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In Ridge regression, as seen in Equation (5.6), the penalty term adds a cost to the loss function for

large values of the coefficients. As λ increases, the model is forced to keep the coefficients small to

minimize the overall loss function. This penalization effectively shrinks the coefficients towards zero,

reducing their magnitude, and discouraging the model from giving too much weight to any single pre-

dictor.

When the penalty is added to the logistic loss function, the optimization process minimizes the over-

all loss by assigning smaller values to the coefficients. The λ parameter controls the strength of the

penalty term where a higher λ value places more emphasis on the penalty, pushing more coefficients

closer to zero (Akalin, 2020). This helps to prevent overfitting, especially when there are many corre-

lated predictors in the model. However, the coefficients will not become exactly zero unless LASSO

regularization is specifically applied.

b) LASSO

LASSO modeling algorithm which is derived from the term "Least Absolute Shrinkage and Selec-

tion", first introduced by Tibshirani (1996), has been widely used in various fields such as biological

sciences, social sciences, and machine learning (Gustafsson et al., 2005; Muthukrishnan & Rohini,

2016; Vaithianathan, Dinh, et al., 2019; Vaithianathan, Kulick, et al., 2019).

The LASSO logistic regression method uses the absolute values of wj as a penalty (|wj |), as shown

in Equation (5.7), instead of the squared values (w2
j ) used in Ridge regression (Equation 5.6). This

penalty, known as the L1-penalty, allows LASSO to effectively select only the most important predic-

tor variables by shrinking the coefficients of the least important variables to zero (Akalin, 2020). The

loss function for LASSO is given by:

L(y , ŷ ) + λ

P∑
j=1

|wj |, (5.7)

Both LASSO and Ridge regularized regression methods offer drawbacks and advantages (Friedman

et al., 2010). To address these points, Zou and Hastie (2005) suggested a new method, called “Elas-

tic Net”, which combines Ridge and LASSO regression.

c) Elastic Net

In this method some coefficients shrink toward zero (like Ridge regression) and some other coeffi-

cients shrink to exactly zero (like LASSO regression). The loss function for elastic net regression is

given by:

L(y , ŷ ) + λ

P∑
j=1

(αw2
j + (1 − α)|wj |), (5.8)
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Where α controls the mix between L1 and L2 regularization, with α = 1 corresponding to LASSO and

α = 0 corresponding to Ridge regression. Values of α between 0 and 1 result in a combination of

both penalties, allowing the model to benefit from the sparsity of LASSO and the stability of Ridge.

The choice of α can be guided by cross-validation to optimise predictive performance and model

interpretability.

5.3.2.3 Support Vector Machines

Another machine learning algorithm considered in this thesis is the support vector machine (SVM).

Originally developed by Cortes and Vapnik (1995), SVMs are supervised learning models designed

for both classification and regression tasks, aiming to identify the optimal decision boundary that

separates different classes within the data. These classes could represent different outcomes, such

as "positive" and "negative" in a binary classification problem. Over time, SVMs have evolved sig-

nificantly, becoming one of the most versatile and effective machine learning algorithms available

(Vapnik, 2013).

The selection of support vector machine as a candidate machine learning algorithm in this thesis is

motivated by several factors that align closely with the complexities of predictive modeling in the child

welfare context. Firstly, SVMs are particularly adept at managing high-dimensional data (Bennett &

Campbell, 2000; Cortes & Vapnik, 1995), a characteristic commonly found in child welfare datasets

that encompass a wide range of socio-demographic and historical variables. Secondly, the robust

regularization mechanisms inherent to SVMs effectively address the challenge of overfitting, thereby

enhancing the model’s ability to generalize to unseen cases (Burges, 1998; Schölkopf & Smola,

2002). This is especially critical in the child welfare domain, where the accuracy and reliability of

predictions are paramount. Furthermore, SVMs possess the capability to capture complex non-linear

relationships through the application of kernel functions (Schölkopf & Smola, 2002; Schölkopf et al.,

1999), allowing them to model the intricate interactions between predictors that are often encountered

in the child welfare field. These attributes collectively position SVM as a robust choice for developing

predictive models that are both accurate and generalizable, making it an appropriate machine learn-

ing algorithm for supporting decision-making processes in this area.

The distinctive feature of SVMs lies in their foundation on the max-margin principle, which seeks

to maximize the distance between the decision boundary (the hyperplane that best separates the

classes) and the closest data points from each class, known as support vectors (Boser et al., 1992).

This principle is key to how SVMs work: by maximizing the margin between classes, SVMs enhance
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the model’s ability to perform well on new, unseen data. A larger margin usually results in fewer

errors when the model is applied to new data, making SVMs particularly effective for complex, high-

dimensional datasets and cases where the separation between classes is not straightforward (Boser

et al., 1992).

SVMs can efficiently perform a non-linear classification using the so-called kernel method or kernel

trick that allows the model to produce extremely flexible decision boundaries (Schölkopf et al., 1999).

For an unknown sample u, the decision function for an SVM with a kernel (K (xi , x)) is expressed as:

D(u) = β0 +
n∑

i=1

yiαiK (xi · u), (5.9)

where D(u) is the decision function that determines the class label of the input vector u. In this

equation, yi represents the class labels of the training data, αi are the Lagrange multipliers, which

are non-zero only for the support vectors, xi denotes the support vectors (the critical data points from

the training set), and β0 is the bias term that adjusts the position of the decision boundary.

In the context of support vector machines this bias term β0 (also known as the intercept), shifts the

decision boundary away from the origin in the feature space, allowing the model to adjust the position

of the separating hyperplane. Mathematically, the bias term ensures that the decision function D(u)

correctly aligns with the data, even when the optimal separating hyperplane does not pass through

the origin (Schölkopf et al., 1999).

K (xi · u) in Equation (5.9) represents a kernel function applied to two vectors. In the linear case,

this kernel function simplifies to the inner product x′
i · u. However, SVMs can accommodate various

other non-linear transformations through the kernel trick, enabling the model to capture complex

relationships within the data. Some commonly used kernels include Polynomial Kernel, Radial Basis

Function (RBF) kernel and Hyperbolic Tangent Kernel. The selection of kernel function parameters

along with the cost value regulates the model’s complexity and should be adjusted carefully to prevent

overfitting of the training data (Kuhn & Johnson, 2013).

The SVM is implemented in the caret package for R (Kuhn et al., 2020). The RBF Kernel was

identified as the most suitable method for our data. The RBF kernel is defined as:

RBF Kernel: K (x, u) = exp(−σ∥x − u∥2), (5.10)
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where x is a feature vector representing a data point in the input space and u a feature vector repre-

senting a support vector in the input space. σ is a parameter controlling the "width" of the RBF kernel

which requires tuning.

The RBF kernel function in Equation (5.10) evaluates the similarity between data points based on

their distance in the feature space, enabling the SVM to effectively capture complex patterns and

non-linear relationships between features and classes (Kuhn & Johnson, 2013). This adaptability

makes the RBF kernel particularly well-suited for our data.

During the training of the support vector machine (SVM) with a RBF kernel, we systematically opti-

mized the σ and cost (C) parameters utilizing a 5-fold cross-validation resampling technique to identify

the model with the highest testing AUC. The cost parameter C is not explicitly part of the kernel func-

tion or the decision function formula itself. It is a regularization parameter in the SVM optimization

process that controls the trade-off between maximizing the margin (the distance between the deci-

sion boundary and the nearest data points of any class) and minimizing classification errors on the

training data (Vapnik, 2013). According to Kuhn and Johnson (2013), the selection of the C value

critically influences the model’s propensity for underfitting or overfitting. For instance, a small C value

yields a smoother decision surface, potentially leading to underfitting, while a large C value endeav-

ors to classify all training instances accurately, leading to overfitting.

The σ parameter defines the influence of a single training example by controlling the width of the

Gaussian function in RBF. It determines how quickly the influence of a support vector decreases as

the distance from the input vector increases. A smaller σ value results in a narrower Gaussian (more

localized influence), leading to a smoother decision boundary while a larger σ value results in a wider

Gaussian (more global influence), potentially leading to a more complex decision boundary. Hence,

employing a resampling technique to estimate these parameters effectively mitigates the risk of un-

derfitting and overfitting, ensuring a robust model. We conducted a comprehensive grid search for

both σ and C parameters to ascertain the optimal combination that maximizes performance in term

of AUC.

Interestingly, despite the extensive tuning process, it was found that the default values of the C and

σ parameters provided by the caret package yielded better performance on the testing set compared

to the tuned values. This result underscores the robustness of the default settings in effectively bal-

ancing model complexity and generalization for this specific dataset. One possible explanation is

that the default parameters are empirically chosen to perform reasonably well across a wide range
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Table 5.2: Overview of the hyperparameters tuned for the SVM algorithm, along with the range of values
considered during tuning and their typical default settings. Here, p represents the number of predictor variables
in the dataset.

Hyperparameter Description Default Value Considered Values
C Cost parameter that

balances the
trade-off between
maximizing the
margin and
minimizing
classification errors.

1 [10−3, 10−2, 10−1, 1, 10, 102, 103]

σ The σ parameter
controls the width of
the RBF kernel.

1
p [10−3, 10−2, 10−1, 1, 10, 1

p ]

of problems, and in this case, they aligned well with the structure and signal-to-noise ratio of the

data. Additionally, it is possible that the tuning process led to slight overfitting on the training data,

while the default settings retained better generalizability. Table 5.3 provides information on the tuned

hyperparameters and the range of values considered during the tuning process.

5.3.2.4 Random Forest

Random forest is another machine learning algorithm considered in this thesis for its ability to handle

the specific challenges posed by child welfare data, including high dimensionality, missing values,

overfitting, and complex variable interactions (Kuhn & Johnson, 2013).

First introduced by Liaw and Wiener (2002), random forest is a powerful tree-based ensemble learn-

ing algorithm widely used in machine learning for predictive modelling. It includes a collection of

decision trees, each trained on a random subset of the dataset drawn with replacement. This sam-

pling process called bootstrap aggregating or bagging (Breiman, 1996). During the construction of

the trees, the algorithm selects the best predictor from a randomly chosen subset of predictors at

each split. This process introduces randomness into the model, ensuring that each tree in the forest

captures different patterns in the data (Kuhn & Johnson, 2013). By considering only a subset of

predictors at each split, the algorithm prevents any single predictor from dominating the model, which

helps to reduce overfitting (Kuhn & Johnson, 2013). This diverse set of decision trees, each capturing

a different aspect of the data, results in a model that is less sensitive to noise and specific data pat-

terns in the training set. Consequently, the ensemble approach improves generalization by creating

a more robust and stable model that performs well on unseen data, effectively capturing the under-

lying structure of the data rather than just memorizing the training examples (Zhang & Ma, 2012).
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Moreover, this ensemble approach enhances prediction accuracy while maintaining interpretability,

making random forest particularly effective for handling complex datasets with interactions between

variables (Schönlau & Zou, 2020).

The random forest methodology is in the randomForest package for R (Liaw & Wiener, 2002). Al-

though random forest models are generally known for their robust performance, tuning specific pa-

rameters can further enhance their accuracy in particular applications (Zhang & Ma, 2012). In this

work, we tuned four parameters to find the model with the highest testing AUC. Table 5.3 provides

information on the tuned hyperparameters and the range of values considered during the tuning pro-

cess. We employed a 5-fold cross-validation approach to evaluate the performance of the algorithm

with various hyperparameter values. A grid search strategy was used to explore all possible combi-

nations within the specified discrete parameter spaces.

After assessing 900 different combinations of hyperparameter settings, the optimal set was deter-

mined to be:

• ntrees: 500

• mtry:
√

P = 16

• maxnodes: 10

• nodesize: 5

The remaining parameters were kept at their default values.

5.3.2.5 Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) is a highly efficient and scalable tree-boosting algorithm that

has gained widespread popularity in machine learning due to its superior predictive accuracy and

ability to handle complex data structures (Chen et al., 2024). It was considered in this study for its

ability to effectively model complex, non-linear relationships and its robust performance in handling

the intricate and often noisy nature of child welfare data, which includes a diverse range of features

and a mix of categorical and numerical variables that complicate the predictive modeling process.

XGBoost employs an ensemble of decision trees that are trained sequentially, with each tree cor-

recting the errors of its predecessors. This iterative learning process enables the model to capture

intricate, non-linear relationships between features, making it particularly well-suited for predicting
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Table 5.3: overview of the hyperparameters tuned for the random forest algorithm, along with the range of
values considered during tuning and their typical default settings. Here, p represents the number of predictor
variables in the dataset.

Hyperparameter Description Default values Considered values
ntree Number of trees in the

forest
500 [100, 200, 300, 500, 750]

mtry Number of variables
randomly sampled as
candidates at each split

√
p [0.1p, 0.25p, 0.5p, 0.7p,

√
p]

nodesize Minimum number of
observations required to
split an internal node.

1 [1, 5, 10, 15, 20, 25]

maxnodes Maximum number of
terminal nodes (leaves)
in each tree. If not given,
trees are grown to the
maximum possible
(subject to limits by
nodesize).

User-defined [5, 7, 10, 12, 15, 20]

outcomes in child welfare, where risk factors and adverse outcomes often interact in complex ways

(Kuhn & Johnson, 2013). Additionally, XGBoost incorporates regularization techniques to prevent

overfitting, ensuring that the model generalizes well to new, unseen data. We implemented XGBoost

using the xgboost package in R, an open-source library that provides a comprehensive suite of tools

for model training and evaluation (Chen et al., 2024). To optimize the model’s performance, we con-

ducted a comprehensive hyperparameter tuning process using a 5-fold cross-validation approach.

This method systematically evaluates the model’s performance across different combinations of hy-

perparameters to identify the settings that yield the best results in terms of predictive accuracy and

stability. The hyperparameters considered in this study, along with their tuned values, are detailed

in Table 5.4. After evaluating various hyperparameter settings, the optimal configuration was deter-

mined to be:

• nrounds: 500

• colsample_bytree: 0.5

• subsample: 0.5

• eta: 0.01

• max_depth: 6

• gamma: 1
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Table 5.4: overview of the hyper-parameters tuned for the XGBoost algorithm, along with the range of values
considered during tuning and their typical default settings.

Hyperparameter Description Default values Considered values
nrounds The number of boosting

rounds, which is
equivalent to the number
of trees to be built.

User defined [100, 200, 300, 400, 500]

colsample_bytree The sub-sample ratio of
features used when
constructing each tree to
controls the proportion
of features to sample.

1 [0.25, 0.5 ,0.75, 1.0]

subsample The subsample ratio of
the training instances to
control the proportion of
the training data to
sample when building
each tree.

1 [0.25, 0.5 ,0.75, 1.0]

eta The learning rate, also
known as the shrinkage
parameter to scale the
contribution of each tree.

0.3 [0.01, 0.05, 0.1, 0.2, 0.3]

max_depth The maximum depth of
the individual trees to
control the maximum
number of levels (depth)
in each tree.

6 [3, 4, 5, 6, 7, 8, 9, 10]

gamma The minimum loss
reduction required to
make a further partition
on a leaf node of the
tree.

0 [0, 0.1, 0.5, 1, 2, 5, 10]

min_child_weight The minimum sum of
instance weight
(hessian) needed in a
child to control the
minimum number of
samples required to
create a new node in the
tree.

1 [1, 3, 5, 7, 10]

• min_child_weight: 1

The remaining parameters were kept at their default values. This configuration was selected after

assessing multiple combinations to achieve the highest possible testing AUC.
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5.3.3 Model Evaluation process

In this work, the selection of a model required a careful balance between fairness and accuracy, par-

ticularly with respect to potential predictive bias against Māori children and the overall effectiveness

in predicting outcomes.

Fairness refers to the model’s ability to generate equitable predictions across different demographic

groups, ensuring that no single group is disproportionately disadvantaged by the model’s decisions.

This means that the model should not systematically under-predict or over-predict outcomes for any

specific group, thereby avoiding the reinforcement of existing inequalities.

Accuracy, on the other hand, relates to the model’s ability to correctly predict outcomes across the

entire dataset. This is typically assessed using metrics such as AUC, precision (PPV), recall (TPR),

and overall prediction error rates. High accuracy ensures that the model is effective in identifying true

outcomes, which is crucial for making informed decisions in the child welfare context.

Achieving a balance between fairness and accuracy requires evaluating and comparing different

models using a comprehensive set of fairness and accuracy metrics, rather than selecting a model

based solely on overall performance and assessing its impact on protected groups, such as Māori,

only after development. It is crucial to address any identified unfairness proactively during the model

development process.

This approach helps to identify a model that not only performs well in terms of accuracy but also

strives to be fair, thereby reducing potential bias and supporting more effective and equitable decision-

making. The following subsections provide an overview of the metrics and model evaluation methods

used in this thesis.

5.3.3.1 Accuracy Metrics

During the model development process in this thesis, we prioritized AUC as a key measure of pre-

dictive accuracy to evaluate the performance of the tested algorithms. In the context of child welfare

intake decision-making, AUC represents the probability that a randomly selected true positive notifi-

cation will receive a higher predicted risk score than a randomly selected true negative notification

(Drake et al., 2020). This measure is particularly effective in the child welfare context, as it evaluates

the model’s performance across all possible thresholds, providing a comprehensive view of its ability

to distinguish between at-risk and non-at-risk children. The threshold independence of AUC is cru-

cial, given the significant consequences of false positives and false negatives in child welfare, where
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varying thresholds may be applied based on specific circumstances (Coohey et al., 2013).

In addition to AUC, this thesis reports several other key performance metrics, including Sensitivity

(TPR), also referred to as Recall, Positive Predictive Value (PPV) or Precision, Negative Predictive

Value (NPV), Accuracy, and the F1 score.10 These metrics were selected for their relevance to the

objectives of child protective services. TPR is emphasized due to its critical role in minimizing false

negatives, which is particularly important in child welfare contexts where failing to identify an at-risk

child could have severe consequences. PPV and NPV provide insights into the accuracy of positive

and negative predictions, respectively, ensuring that both types of errors are adequately assessed.

Accuracy is reported as a general measure of overall classification performance, while the F1 score is

considered for its ability to balance precision and recall, offering a detailed assessment of the model’s

performance, especially in the presence of class imbalance.

We explored a range of modeling methodologies aimed at enhancing the AUC. As detailed in Sec-

tion 5.3, these efforts involved integrating CYF data with additional government and Census datasets

to assess the impact of incorporating broader variables on the models’ predictive power. Addition-

ally, we employed data transformation techniques and implemented resampling methods, such as

cross-validation, across various machine learning algorithms to optimize model performance. Deci-

sions concerning the methods adopted were guided by overall performance (AUC), accuracy for the

specific high-risk group, and comparable levels of accuracy for Māori children versus others.

5.3.3.2 Fairness Metrics

Numerous group-level definitions of algorithmic fairness for binary classification tasks have been

proposed in the literature, as detailed in Section 3.7. In this thesis, we explored various fairness

concepts, including calibration, accuracy equity, disparate impact, and equalized odds. Ultimately,

we prioritized addressing fairness concerns related to disparate impact and equalized odds, with a

specific focus on mitigating disparities affecting the Māori group.

One method to ensure fairness and equal treatment of cases, regardless of the child’s ethnicity,

involves evaluating how well the models are calibrated across different subgroups (Centre for Social

Data Analytics, n.d.). Specifically, Māori children and children from other ethnic groups who receive

the same risk score should have an equal likelihood of experiencing an observed estimated care and

protection concern. In this thesis, risk scores were derived by dividing the predicted probabilities

10A dedicated preface section, Accuracy Metrics and Formulae, is included to serve as a reference for the key evaluation
metrics used throughout this analysis.
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into 20 equally distributed risk ventiles, with a score of 20 representing the top 5% of predicted

probabilities and a score of 1 representing the bottom 5%. Mathematically, this condition can be

expressed as:

IP(y = 1 | r , s = Māori) = IP(y = 1 | r , s = Non-Māori) (5.11)

Where y represents the observed outcome (estimated care and protection concern), s denotes the

sensitive or protected variable (ethnicity in this case), and r is the risk score assigned based on the

predicted probability.

In this study, we extended the assessment of calibration as a fairness measure beyond ethnicity to

include disparities across subgroups defined by gender and age, with the aim of evaluating the equity

and accuracy of predictive risk models for these demographic segments. As noted by Vaithianathan,

Dinh, et al. (2019), the effectiveness of a predictive risk model in promoting equality and ensuring

consistent treatment across cases is closely linked to its calibration performance across these di-

verse subgroups.

While calibration is often regarded as a primary, or even sole, criterion for predictive fairness (Choulde-

chova et al., 2018), it is crucial to acknowledge that calibration alone can be misleading. As pointed

out by Corbett-Davies et al. (2009), risk scores can be adjusted to maintain calibration while exac-

erbating disparities in outcomes. Consequently, while miscalibration is a valid concern, it is not the

only relevant issue (Chouldechova et al., 2018). To provide a more comprehensive evaluation of the

models’ fairness, it is necessary to also consider other metrics such as accuracy equity and error

rate balance. This multifaceted approach offers a more comprehensive understanding of the model’s

fairness in practice, particularly in sensitive contexts like child welfare.

Accuracy equity assesses whether a model’s predictive accuracy is consistent across different de-

mographic groups (Berk et al., 2021). As defined by Dieterich et al. (2016), this concept extends

fairness evaluation beyond fixed thresholds by considering the model’s discriminative ability across

all decision thresholds. In this thesis, accuracy is primarily evaluated using the AUC, which reflects

the model’s ability to distinguish between positive and negative cases. To assess accuracy equity,

the AUC is calculated separately for each ethnic group, and the results are compared to identify any

disparities. Ideally, the AUC should be approximately equal across all subgroups, indicating that the

model performs consistently and fairly across different demographic segments (Chouldechova et al.,

2018). Mathematically, this condition is expressed as:

IP(ŷ = y | s = Māori) = IP(ŷ = y | s = Non-Māori) (5.12)
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This equation indicates that the probability of the predicted outcome ŷ matching the true outcome y

should be the same, irrespective of the sensitive attribute, such as ethnicity (Berk et al., 2021).

Statistical parity, also known as disparate impact, demographic parity, or group fairness, requires that

the probability of receiving a specific outcome, such as being referred for intervention or not, is equal

across all ethnic groups (Dwork et al., 2012). Mathematically, this condition can be expressed as:

IP(ŷ |s = Māori) = IP(ŷ |s = Non-Māori) (5.13)

While statistical parity is a formal fairness criterion requiring equal positive outcome rates across

groups, this thesis uses the term disparate impact to refer more broadly to unjustified differences in

model outcomes based on group membership.

Finally, we consider error rate balance, which is equivalent to equalized odds as defined in (Hardt

et al., 2016). Error rate balance requires that both the FPR and FNR are equal across different levels

of a protected attribute, such as ethnicity (Hardt et al., 2016). Since equal FNR implies equal TPR,

this condition (Equalized Odds) can be mathematically expressed as

IP(ŷ = 1 | y = 1, s = Māori) = IP(ŷ = 1 | y = 1, s = Non-Māori) (5.14)

and

IP(ŷ = 1 | y = 0, s = Māori) = IP(ŷ = 1 | y = 0, s = Non-Māori) (5.15)

These equations indicate that Māori children and children from other ethnic groups should have an

equal chance of receiving a positive outcome, whether the prediction is correct (TPR) or incorrect

(FPR).

However, prioritizing one measure over another may come with certain trade-offs (Purdy & Glass,

2023). It is therefore essential to carefully navigate this trade-off. To address these risks, we evaluate

the models’ performance using all four fairness metrics. While each metric has its own strengths and

limitations, together they provide a comprehensive framework for assessing fairness in algorithmic

decision-making.

To measure the extent to which disparate impact exists between Māori children and children from

other ethnic groups, we used the statistical parity measure of fairness, represented by Equation 5.16.

This equation quantifies the balance of positive outcomes (intake) between Māori and non-Māori
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groups by comparing the probability of receiving a positive outcome across the two groups. While

statistical parity is a specific fairness metric, it is used here as an indicator of whether disparate

impact may be present in the model’s outcomes.

Statistical Parity = min
(

IP(ŷ = 1|s = Māori)
IP(ŷ = 1|s = Non-Māori)

,
IP(ŷ = 1|s = Non-Māori)

IP(ŷ = 1|s = Māori)

)
(5.16)

In an ideal situation of fairness, statistical parity should equal 1, ensuring that the probability of re-

ceiving a positive outcome (such as Intake) is uniform across all groups, irrespective of their sensitive

attribute (ethnicity in this case). Values of statistical parity greater or less than 1 indicate disparities

in how these outcomes are distributed among different groups. However, both Statistical Parity = 2

and Statistical Parity = 0.5 present the same level of discrimination, differing by the extent of their de-

viation from the ideal value of 1. A Statistical Parity value of 2 suggests that one group (e.g., Māori)

has twice the probability of receiving a positive outcome compared to another group (Non-Māori).

This indicates a form of favoritism or bias towards Māori. Conversely, a value of 0.5 implies that

Māori are half as likely to receive a positive outcome compared to others, suggesting possible under-

representation or disadvantage. To mitigate such disparities, the preference is given to the lower of

these two values. To avoid confusion, we use the lower value of two possible values. Similarly, to

quantify equalized odds, the equality of opportunity was calculated for both possible outcomes using

Equation 5.17 and Equation 5.18.

EOO (y=0) = min
(

P(ŷ = 1 | s = Māori, y = 0)
IP(ŷ = 1 | s = Non-Māori, y = 0)

,
IP(ŷ = 1 | s = Non-Māori, y = 0)

IP(ŷ = 1 | s = Māori, y = 0)

)
(5.17)

EOO (y=1) = min
(

IP(ŷ = 1 | s = Māori, y = 1)
IP(ŷ = 1 | s = Non-Māori, y = 1)

,
IP(ŷ = 1 | s = Non-Māori, y = 1)

IP(ŷ = 1 | s = Māori, y = 1)

)
(5.18)

To claim that discrimination or unfairness does not exist, statistical parity or equality of opportunity

must be equal to 1. An equality of opportunity value of 1 indicates that all ethnic groups have equal

access to a given outcome for a particular class. By assessing equality of opportunity across classes,

we can address equalized odds; that is, if equality of opportunity is achieved for each class, equalized

odds is also met. However, it is unrealistic to expect models to achieve perfect statistical parity or

equality of opportunity. Instead, we rely on the 80% rule, a widely accepted guideline in fairness-

aware machine learning and anti-discrimination law. This rule suggests that the selection rate for a

protected group should be at least 80% of the selection rate for the unprotected group (Biddle, 2017).

In the following section, we discuss the fairness-aware machine learning approach adopted in this

thesis to address and mitigate the predictive bias identified through these metrics. This approach
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aims to respond to the specific fairness concerns within the NZ child welfare context, ensuring that

the use of predictive risk models promotes equitable outcomes across all demographic groups.

5.4 Fairness-aware Machine Learning

In this thesis, we employed an in-processing approach to address fairness in machine learning,

specifically within the context of child welfare. This methodology involves embedding fairness con-

straints directly into the logistic regression algorithm during its learning phase, transforming the stan-

dard learning task into a constrained optimization problem. While the implementation of fairness

constraints is well-documented in the literature (Agarwal et al., 2018; Berk et al., 2021; Calders et al.,

2013; Corbett-Davies et al., 2009; Hu & Chen, 2020; K. D. Johnson et al., 2016; Nabi & Shpitser,

2018; Radovanović & Ivić, 2021; Radovanović et al., 2020; Zafar et al., 2019; Zafar et al., 2017), their

application to predictive risk models in child welfare is novel (see Tables 3.1 and 3.2). By integrating

relevant fairness constraints, we aimed to reduce bias and ensure equitable outcomes for vulnerable

children, regardless of their ethnic background. To operationalize this fairness-aware approach, we

focused on optimizing the model with respect to specific fairness metrics that are crucial in evaluating

the equitable performance of predictive models.

5.4.1 Selected Fairness Measures for Model Optimization

This work focuses on two key fairness metrics: disparate impact and equalized odds. The deci-

sion to prioritize equalized odds as the primary fairness metric, and to correct for it through our

fairness-aware machine learning approach, is based on both its ethical principles and the results of

the fairness assessment conducted on the predictive models developed in this study, particularly in

comparison to accuracy equity and calibration.

From an ethical standpoint, equalized odds is preferred because it ensures that predictions are inde-

pendent of the protected attribute, such as ethnicity, when conditioned on the actual outcome (see

Equations (5.14) and (5.15)). This criterion promotes the use of features that are directly related to

the outcome, while preventing the sensitive attribute from being misused as a proxy in the prediction

process (Hardt et al., 2016).

In contrast, accuracy equity focuses on achieving consistent predictive accuracy, such as AUC, across

different ethnic groups (see Equation 5.16). While this measure aims to ensure fairness by providing

equal predictive performance across all groups, it does not specifically prevent the potential misuse
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of protected attributes in the prediction process (Hardt et al., 2016). Therefore, equalized odds aligns

more closely with the values that stakeholders prioritize when defining algorithmic fairness in the child

welfare context (Cheng et al., 2021; Purdy & Glass, 2023). While calibration is often regarded as a

primary, or even sole, criterion for predictive fairness (Chouldechova et al., 2018), our assessment of

the models developed in this study revealed significant disparities. Specifically, Māori children were

incorrectly referred for further intervention at a substantially higher rate (FPR), while children from

other ethnic groups experienced a higher rate of being overlooked for necessary intervention (FNR).

This discrepancy could negatively impact both Māori children and those from other ethnic groups

(Dare, 2013). Furthermore, the models consistently recommended Māori children for further inter-

vention (intake) at a higher rate compared to children from other ethnic groups. These findings are

consistent with previous research conducted in NZ by Rea and Erasmus (2017). According to the

definitions of fairness outlined in Table 3.3, these issues pertain to disparate impact and equalized

odds.

5.4.2 Constrained Logistic Regression

The logistic regression loss function, as defined in Equation (5.5) of Section 5.3.2.1, serves as the ob-

jective of our optimization problem, which is minimized under fairness constraints aimed at mitigating

disparities in error rates across groups. To promote fairness in terms of equalized odds while preserv-

ing model accuracy, our analysis demonstrated that incorporating both disparate impact (statistical

parity) and equalized odds as constraints during the logistic regression learning process effectively

reduces disparities in error rates while maintaining statistical parity. This method achieves a balance

between fairness and accuracy, with a reduction in error rate differences accompanied by a relatively

modest trade-off in overall model performance. Building on the theoretical framework previously

discussed, this section details the step-by-step implementation of these constraints in the logistic

regression learning process. It includes the identification of protected and unprotected groups, the

formulation of the corresponding constraints, and the construction of the constrained logistic regres-

sion optimization problem.

5.4.2.1 Contextualizing the Protected Variable

In our effort to address potential biases affecting Māori children within predictive models, we encoded

the protected variable (s) as a binary indicator of ethnicity, where Māori children were assigned a

value of 1, and all other ethnic groups were assigned a value of 0. The specific groupings were

defined as follows:
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Māori (s = 1): Children identified as "Māori" or "Māori and Pacific".

Non-Māori (s = 0): Children identified as "NZ European", "Pacific (excluding those also identified as

Māori)", "Asian", "Middle Eastern", "Latin American", "African", or "Other ethnicity".

To streamline the analysis and maintain a focus on Māori children, the Pacific group was combined

with the NZ European and Other category. Despite the under-representation of the Pacific group in

the 2017 sample cohort (Table 6.8), a comprehensive assessment was performed to ensure that this

aggregation did not obscure or exacerbate any disparities affecting Pacific children (Section 6.6.1.4).

This additional analysis was critical in verifying that the model’s performance and its implications for

the Pacific group were adequately considered.

5.4.2.2 Logistic Loss Function Formulation

While the logistic loss function was previously defined in Equation (5.5), it is reiterated in Equation

5.19 with notations consistent with the constraints formulation and subsequent implementation in R.

This ensures coherence between the theoretical framework and the practical application, facilitating a

clear understanding of how the loss function integrates with the fairness constraints in the optimization

process.

Minimize L(y , ŷ ) = −1
n

n∑
i=1

[yi log(p̂i + ϵ) + (1 − yi ) log(1 − p̂i + ϵ)] ,

where p̂i =
1

1 + e−Xiβ
.

(5.19)

In this formulation:

• yi is the actual value of the outcome variable for the i-th observation, where yi ∈ {0, 1},

• Xi represents the feature vector for the i-th observation, representing the values of all the pre-

dictor variables for that observation,

• p̂i is the predicted probability that the i-th observation belongs to the positive class, calculated

using the sigmoid function,

• β represents the coefficient vector (or weight vector) associated with the features, and Xiβ

computes the linear predictor (logits), and

• ϵ is a small constant added to the probabilities in the logistic loss function to address a numerical

stability issue in optimization problems.
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In the implementation of constrained logistic regression as an optimisation problem, the logistic re-

gression loss function (Equation (5.19)) and its gradient with respect to β (see Equation 5.20) were

formulated in R to facilitate optimization. To avoid numerical instability, a small constant ϵ is added to

the probabilities. The reason behind adding ϵ to the probabilities in the logistic loss function is that the

logistic loss function involves taking the logarithm of predicted probabilities log(p̂i ) and log(1− p̂i ), as

defined in Equation (5.19). If any predicted probability p̂i is exactly 0 or 1, log(0) becomes undefined

(−∞). This can cause the loss function to return NaN or Inf values, leading to convergence issues in

the optimization process. The value of ϵ was chosen to be extremely small (e.g., 1 × 10−15) so that it

has a negligible impact on the value of the loss itself but was sufficient to avoid computational issues.

The gradient function of the logistic loss function is given by:

∇βL(β) =
∂L(β)
∂β

=
1
n

n∑
i=1

(p̂i − yi ) Xi , (5.20)

where (p̂i − yi ) is the difference between the predicted probability and the actual label, representing

the error for the i-th observation. The gradient is averaged over all n observations, scaling the error

by the corresponding feature values.

The loss function, defined in Equation (5.19), computes the negative log-likelihood of the predicted

probabilities p̂i with respect to the true labels yi and the gradient of the logistic loss function in Equa-

tion (5.20), calculates the partial derivatives of the loss with respect to the coefficient vector β (Hastie

et al., 2009). This gradient is essential for the optimization algorithm to update the coefficients and

minimize the loss function efficiently (Hastie et al., 2009).

5.4.2.3 Disparate Impact and Equalized Odds Constraints Formulation

The formulation of the fairness constraints for logistic regression involved two key components: dis-

parate impact (statistical parity) and equalized odds. Statistical parity is the most common notion of

fairness and it can be ensured to some extent if both protected and unprotected groups have equal

probability of the outcome occurring (Dwork et al., 2012). The mathematical formulation is:

p(ŷ | s = 1) = p(ŷ | s = 0). (5.21)

Disparate impact arises when the rate of a favorable outcome (e.g., hiring, loan approval) is signifi-

cantly lower, or when the rate of an unfavorable outcome (e.g., rejecting bail) is significantly higher

for a protected group (e.g., a minority group) compared to others (Dwork et al., 2012).
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In the context of child welfare, the implications of positive outcomes are nuanced. An intake decision,

often considered a positive outcome, can have dual interpretations: it is favorable for high-risk chil-

dren as it leads to necessary protection, but it can be unfavorable for low-risk children, as it results

in unnecessary investigations that may be distressing for families. Thus, the challenge lies around

ensuring that predictive models proportionately impact certain groups, balancing the need for protec-

tion with the avoidance of undue scrutiny.

To assess disparate impact, we often use the disparate impact ratio (DIratio) given by:

DIratio =
p(ŷ | s = 1)
p(ŷ | s = 0)

. (5.22)

Considering the "intake decision" as the positive outcome, Equation (5.23) calculates the positive

outcome rate for the protected group (e.g. Māori) and Equation (5.24) the positive outcome rate for

unprotected groups (e.g. children from other ethnic groups), given by:

p(ŷ = 1 | s = 1) =
∑n

i=1 si · I(p̂i ≥ 0.5)∑n
i=1 si

, and (5.23)

p(ŷ = 1 | s = 0) =
∑n

i=1(1 − si ) · I(p̂i ≥ 0.5)∑n
i=1(1 − si )

, (5.24)

where:

• si is the indicator variable for the protected group (e.g., si = 1 if individual i is in the protected

group, and si = 0 otherwise),

• p̂i is the predicted probability for individual i , given by the logistic regression model: p̂i = 1
1+e−Xiβ

,

and

• I(·) is an indicator function, which is 1 if the condition inside ( ) is true and 0 otherwise.

Additionally, we have demonstrated that by adjusting the disparate impact ratio (DIratio), through a

threshold δ, we can achieve improvements in terms of this fairness criterion.

Substituting Equations (5.23) and (5.24) in Equation (5.22) considering positive predicted outcome

(ŷ = 1 or intake), the updated DIratio is given by:
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DIratio =

∑n
i=1 si ·I(p̂i≥0.5)∑n

i=1 si∑n
i=1(1−si )·I(p̂i≥0.5)∑n

i=1(1−si )

(5.25)

If this condition is formulated as a constraint to enforce a fairness threshold of δ in terms of statistical

parity during the logistic regression learning process, the resulting disparate impact constraint, CDI(β),

is defined as:

∑n
i=1 si ·I(p̂i≥0.5)∑n

i=1 si∑n
i=1(1−si )·I(p̂i≥0.5)∑n

i=1(1−si )

− δ ≥ 0. (5.26)

Equalized odds requires that both protected and unprotected group have equal TPR and equal FPR

(Hardt et al., 2016). This condition is mathematically represented as follows:

p(ŷ = 1 | y = i , s = 1) = p(ŷ = 1 | y = i , s = 0), i ∈ {0, 1}. (5.27)

To enhance equalized odds, constraints were formulated to ensure that the TPR and FPR for the

protected group are comparable to those for the unprotected group. Similar to the disparate impact

constraint, these ratios are adjusted using a threshold δ. Separate constraints were specifically for-

mulated for both TPR and FPR to rigorously enforce these conditions.

Also, the TPR for the protected group (e.g. Māori) and the TPR for unprotected groups (e.g. children

from other ethnic groups) are given by:

p(ŷ = 1 | y = 1, s = 1) =
∑n

i=1 si · I(yi = 1 ∧ p̂i ≥ 0.5)∑n
i=1 si · I(yi = 1)

, and (5.28)

p(ŷ = 1 | y = 1, s = 0) =
∑n

i=1(1 − si ) · I(yi = 1 ∧ p̂i ≥ 0.5)∑n
i=1(1 − si ) · I(yi = 1)

. (5.29)

In Equations (5.28) and (5.29), the symbol ∧ within the indicator function I(·) represents the logical

term AND.

Balancing the TPR between protected and unprotected groups aligns with the equality of opportunity

criterion for y = 1, denoted as EOO(y = 1) (Hardt et al., 2016). Equality of opportunity ensures that
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individuals who truly belong to the positive class (y = 1) are treated equally regardless of their mem-

bership in a protected or unprotected group. In mathematical terms, this means that the probability

of a positive prediction given a positive ground truth (y = 1) should be the same for both protected

and unprotected groups.

The corresponding constraint to enforce this balance, namely CEOO(y=1)(β), is designed to ensure

that the TPR (i.e., the probability that ŷ = 1 given y = 1) is comparable across groups. This can be

expressed as: ∑n
i=1 si ·I(yi =1∧p̂i≥0.5)∑n

i=1 si ·I(yi =1)∑n
i=1(1−si )·I(yi =1∧p̂i≥0.5)∑n

i=1(1−si )·I(yi =1)

− δ ≥ 0. (5.30)

In Equation (5.30), the numerator represents the TPR for the protected group, while the denominator

represents the TPR for the unprotected group. The threshold δ ensures that the TPRs are balanced

within a specified tolerance. By enforcing this constraint, we ensure that individuals in the positive

class are equally likely to be correctly identified as such, regardless of their group membership, thus

achieving equality of opportunity.

Similarly for FPRs we have:

p(ŷ = 1 | y = 0, s = 1) =
∑n

i=1 si · I(yi = 0 ∧ p̂i ≥ 0.5)∑n
i=1 si · I(yi = 1)

, and (5.31)

p(ŷ = 1 | y = 0, s = 0) =
∑n

i=1(1 − si ) · I(yi = 0 ∧ p̂i ≥ 0.5)∑n
i=1(1 − si ) · I(yi = 1)

. (5.32)

Balancing the FPR for protected and unprotected groups is equivalent to the equality of opportunity

notion of fairness for y = 0. This ensures that individuals who truly belong to the negative class (y = 0)

are treated equally, irrespective of their group membership. In mathematical terms, this means that

the probability of a positive prediction given a negative ground truth (y = 0) should be the same for

both protected and unprotected groups.

The corresponding constraint to enforce this balance, CEOO(y=0)(β), is designed to ensure that the

FPR (i.e., the probability that ŷ = 1 given y = 0) is comparable across groups. This can be expressed

as: ∑n
i=1 si ·I(yi =0∧p̂i≥0.5)∑n

i=1 si ·I(yi =0)∑n
i=1(1−si )·I(yi =1∧p̂i≥0.5)∑n

i=1(1−si )·I(yi =0)

− δ ≥ 0. (5.33)

By enforcing this constraint, we ensure that individuals in the negative class are equally likely to be
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correctly identified as such, regardless of their group membership, thus achieving equality of oppor-

tunity.

The constraints for enforcing fairness, such as disparate impact (Equation5.26) and equalized odds

(Equations (5.30) and (5.33)), were implemented as custom functions in R. In addition to the con-

straints themselves, their gradients were also formulated as separate functions to enable efficient

optimization. These gradient functions are essential for the optimization process, as they provide the

necessary information to adjust the coefficients β to minimize the loss function while satisfying the

specified fairness constraints (Nocedal & Wright, 2006). For example, the disparate impact constraint

function calculates the ratio of intake rates between Māori and non-Māori groups and compares it to a

specified threshold δ, while the corresponding disparate impact gradient function computes the gradi-

ent of this constraint. Similarly, separate functions were developed for the TPR and FPR constraints,

along with their respective gradients, to rigorously enforce equalized odds during the model training

process.

5.4.2.4 Optimization Problem Formulation

Based on the above theories, we modified the problem of learning a fair algorithm in terms of statis-

tical parity and equalized odds to an optimization problem where the logistic regression loss function

(Equation (5.34)) is minimized subject to constraints defined based on disparate impact (Equation

5.35) and equalized odds (Equations (5.36) and (5.37)) measures of fairness.

L = min
β

(
−1

n

n∑
i=1

[yi log(p̂i + ϵ) + (1 − yi ) log(1 − p̂i + ϵ)]

)
,

where p̂i =
1

1 + e−Xiβ
,

subject to

(5.34)

δ ≤

∑n
i=1 si ·I(p̂i≥0.5)∑n

i=1 si∑n
i=1(1−si )·I(p̂i≥0.5)∑n

i=1(1−si )

≤ 1
δ

(5.35)

δ ≤

∑n
i=1 si ·I(yi =1∧p̂i≥0.5)∑n

i=1 si ·I(yi =1)∑n
i=1(1−si )·I(yi =1∧p̂i≥0.5)∑n

i=1(1−si )·I(yi =1)

≤ 1
δ (5.36)
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δ ≤

∑n
i=1 si ·I(yi =0∧p̂i≥0.5)∑n

i=1 si ·I(yi =0)∑n
i=1(1−si )·I(yi =0∧p̂i≥0.5)∑n

i=1(1−si )·I(yi =0)

≤ 1
δ

(5.37)

In our optimization problem, we included both lower and upper bounds for constraints to ensure a

balanced and fair treatment of different demographic groups. The lower bound, defined by a user-

specified fairness threshold (δ), ensures that the protected group (e.g., Māori children) is not unfairly

disadvantaged compared to the unprotected group (e.g., children from other ethnic groups). To com-

plement this, we introduced an upper bound, defined as the inverse of the threshold δ, which ensures

that the protected group does not receive an undue advantage over the unprotected group. By incor-

porating both constraints, we aim to maintain a balanced ratio of positive outcomes across different

groups, thus promoting fairness and preventing significant disparities in the treatment of any par-

ticular demographic group, such as ethnic minorities. This dual constraint approach aligns with the

principles of equitable treatment and helps mitigate the risk of reverse discrimination while striving

for a fair predictive model. Additionally, our approach is adaptable to different binary classification

thresholds, though the current implementation utilizes the conventional 50% threshold.

The choice of δ in this work is informed by the 80% rule, a widely recognized standard in fairness-

aware machine learning literature and anti-discrimination law (Biddle, 2017). The 80% rule states

that the selection rate for a protected group should be at least 80% of the selection rate for the un-

protected group. This rule serves as a practical and enforceable threshold to detect and address

potential biases in decision-making processes (Feldman, 2015). By adopting the 80% rule as our

threshold, we align our model’s fairness constraints with established literature. However, this value

can be adjusted based on stakeholders’ requirements, acknowledging that such adjustments may

come at the cost of reduced accuracy.

To achieve a balance between predictive performance and fairness, two regularization parameters,

λDI (for disparate impact) and λEO (for equalized odds), are introduced to balance the trade-off be-

tween these objectives. These regularization parameters enable the model to adjust its emphasis on

accuracy versus fairness, providing a flexible framework to address the inherent tensions between

these goals. The resulting loss function, incorporating these parameters, is formulated as follows:

L(β) + λDI (CDI(β))2 + λEO

(
CEOO(y=0)(β)2 + CEOO(y=1)(β)2

)
, (5.38)

where:
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• L(β) represents the logistic loss function,

• CDI(β) is the constraint formulated to reduce disparate impact, controlled by the regularization

parameter λDI,

• CEOO(y=0)(β) and CEOO(y=1)(β) are the constraints formulated to enforce equality of opportunity

for both positive and negative outcomes, controlled by the regularization parameter λEO. To-

gether, these constraints define equalized odds,

Having established the optimization framework to incorporate fairness constraints into logistic re-

gression, the subsequent section will outline the practical steps for implementing this framework in R,

including the algorithms used, parameter tuning process, and evaluation methods.

5.4.2.5 Implementation and Evaluation

To solve the optimization problem (constrained logistic regression) defined in previous section, we

employed the Sequential Least Squares Programming (SLSQP) algorithm using the nloptr package

in R (S. G. Johnson, 2008). This algorithm is well-suited for handling non-linear constraints and

optimizing complex functions. The logistic loss function (Equation (5.34)), along with the fairness

constraints for disparate impact (Equation (5.35)) and equalized odds (Equations (5.36) and (5.37)),

were implemented as custom functions in R, along with their corresponding gradients. The optimiza-

tion process returns a vector of coefficient values (β) that define the model, indicating the effect of

each predictor on the outcome while satisfying the fairness constraints.

A grid search method was employed to tune λDI and λEO by systematically evaluating combinations

of these parameters over a predefined range of [0, 0.1]. The primary objective was to identify the pa-

rameter values that best balance the fairness constraints (equalized odds and disparate impact) with

overall model performance (e.g., AUC). In predictive risk modeling, the trade-off between fairness

and performance is usually inevitable (Purdy & Glass, 2023; Radovanović et al., 2020). A higher δ

value enforces stricter fairness constraints, potentially reducing disparities between groups by ensur-

ing more equitable treatment. However, this stringent fairness criterion may negatively impact overall

model performance, as the model might need to sacrifice some accuracy to meet the fairness re-

quirements. Conversely, lower λ values relax the fairness constraints, potentially allowing for better

overall performance but at the risk of increasing disparities between groups. By meticulously tuning

these parameters, we aimed to strike an optimal balance where the model maintains high perfor-

mance while satisfying fairness constraints to a reasonable extent.
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Through this rigorous tuning process, we identified the optimal parameter values: λDI = 0.03 and

λEO = 0.06. These values were found to best balance the competing objectives of fairness and

model performance, ensuring that the predictive model operates effectively while mitigating unfair

biases.

To evaluate the effectiveness of the constrained logistic regression model, its performance was as-

sessed using the metrics defined in Section 5.3.3. Disparities across various subgroups, including

gender and age groups, were also examined. Additionally, the model was tested on the Sample Co-

hort 2018 to assess its generalization capabilities with new data. To determine the effectiveness of

our predictive risk model in supporting social workers, it was also crucial to assess its impact on en-

hancing the existing intake decision-making process. Consequently, we also compared the model’s

results with existing decision-making practices to evaluate its potential advantages in real-world ap-

plications.

5.5 Conclusion

In this chapter, we have outlined the methodological framework employed to investigate fairness-

aware machine learning within the context of child welfare. This approach integrates fairness con-

straints directly into the logistic regression algorithm during its learning phase, transforming the stan-

dard learning task into a constrained optimization problem.

Our methodology was guided by several of our research questions such as: What factors influence

the predictive accuracy of risk models intended for use by child protective services? What contributes

to the unfairness of algorithms used to predict the risk of adverse events, specifically care and pro-

tection concern-related events? How feasible is it to develop a predictive risk model that is both more

accurate and fair? What measures can Child Welfare authorities implement to mitigate or prevent

algorithms from adopting discriminatory behaviors?

The methodological process was conducted in two main stages. The first stage was focused on

answering the first research question by developing baseline logistic regression models that exhibit

acceptable predictive power. We accomplished this by utilizing a novel research dataset, which we

constructed by extracting records from both administrative and Census data sources outlined in Table

4.1. In this stage, we constructed a sample cohort and coded relevant outcome and predictor vari-

ables to facilitate the development process. Furthermore, we expanded our analysis beyond logistic

regression by exploring other machine learning algorithms such as LASSO, Ridge, and Elastic Net,
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collectively known as regularized logistic regression models. Additionally, models including random

forest , support vector machine, and XGBoost were trained, and their performance compared in terms

of fairness and accuracy metrics. Regularization techniques and cross-validation methods were em-

ployed to mitigate overfitting and enhance model generalization, with hyper-parameter tuning playing

a critical role in optimizing the model’s AUC.

The second stage aimed to address the remaining research questions by investigating the factors

contributing to algorithmic unfairness and exploring measures to mitigate these biases. We inte-

grated fairness constraints into the logistic regression learning phase to address racial disparities in

the predictions made by the baseline models. Disparate impact and equalized odds constraints were

formulated to ensure equitable treatment across different demographic groups while maintaining pre-

dictive performance. A comprehensive grid search over key parameters (λDI and λEO) was conducted

to identify the optimal balance between predictive performance and fairness.

The fairness-aware machine learning methodological process began with the careful definition and

preparation of our outcome variable and sensitive variable, converting the necessary data into ap-

propriate formats. We then constructed the predictor matrix using relevant features extracted from

the training data, ensuring a robust basis for subsequent analysis. The logistic loss function and its

gradient were clearly defined to facilitate the optimization process, providing a rigorous foundation for

the development of our predictive model. A significant aspect of our methodology was the incorpora-

tion of fairness constraints, specifically targeting disparate impact and equalized odds. The disparate

impact constraint ensured that the positive outcome rate for the protected group was at least δ times

the positive outcome rate for the unprotected group, promoting statistical parity. The equalized odds

constraint aimed to ensure that the TPR and FPR for the protected group was at least δ times of that

for unprotected group, thereby enhancing fairness in terms of both TPR and FPR. We meticulously

derived the gradients of these constraints to enable their integration into the optimization algorithm.

The optimization process effectively handled the constrained optimization problem, ensuring that the

model adhered to the predefined fairness criteria while maintaining high predictive accuracy. The

evaluation of the final model included calculating a range of performance metrics and plotting ROC

curves to assess both overall performance and fairness across different ethnic groups. This thorough

evaluation confirmed that our model not only achieved higher accuracy compared to existing decision

making process based on our data but also adhered to fairness principles, reducing potential unfair-

ness to some degrees against the protected group.



CHAPTER 5. METHODOLOGY 108

The next chapter presents the results of our analysis, exploring the insights and trends that emerged

from the data. This will be followed by a detailed discussion on how these findings relate to the exist-

ing literature and theoretical frameworks, providing a deeper understanding of the implications of our

methodological choices. Through this comprehensive approach, we aim to contribute to the devel-

opment of fairer and more effective predictive models for child welfare decision-making, addressing

critical fairness issues and ensuring equitable treatment across different demographic groups.





Chapter 6

Empirical Results

6.1 Introduction

In this chapter, we present the empirical findings derived from the statistical analysis to address

our research questions as stated in Section 1.4. These findings are structured in accordance with

the methodological framework from Chapter 5, providing a cohesive narrative of our investigative

process. The primary goal of this chapter is to offer essential insights for a deeper understanding of

the potential unfairness or predictive bias associated with the development of predictive risk models

in the NZ child welfare context.

6.2 Outcome Variable time frame Analysis

In our pursuit of identifying a suitable outcome variable for predicting care and protection-related

events (estimated care and protection concern) as defined in Table 5.1, we explored different time

frames. Specifically, we evaluated whether the target should be events occurring within two, three,

or four years following the initial notification. With this aim, three separate LASSO logistic regression

models were trained, each corresponding to one of the time frames. These models were developed

using a comprehensive set of 322 features derived from multiple linked data sources, including Child,

Youth and Family, Children’s Action Plan, Personal Details, Benefit Dynamics, Sentencing and Re-

mand, PRIMHD, and the 2018 Census (see Tables A.1-A.7 in Appendix A). These models will be

referred to as the Two-Year, Three-Year, and Four-Year models, allowing us to assess their predictive

performance and disparities across different time periods and providing insights into their effective-

ness for short-term and long-term risk predictions in the context of child welfare.

110
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Using the 70/30 rule, the models were trained on randomly selected 70% of children from the Sam-

ple Cohort 2017 and internally tested on the remaining 30%. In the initial training of LASSO logistic

regression models to find the optimal outcome variable, we adjusted the sample according to the age

of the children. For the two-year prediction period, we included children who were 16 years old or

younger at the time of notification (n=59,475). For the three-year prediction window, children aged

15 years or younger were included (n=57,039), while for the four-year prediction window, the analysis

was restricted to children who were 14 years old or younger at the time of their initial notification

(n=54,111). Section 5.2.2 provides more details on this approach.

The outcome variable across the models, as illustrated in Table B.1 of Appendix B, has a relatively

balanced distribution, with proportions of 47% vs 53% for the two-year model, 54% vs 46% for the

three-year model, and 58% vs 42% for the four-year model, where the first percentage corresponds

to the number of positive cases (estimated care and protection concern = 1),

The following subsections provide a comparative analysis of the performance and disparities across

our trained models. Importantly, we ensure that the selected outcome variable not only predicts risk

more accurately but also provides more equitable and reliable results across diverse demographic

groups. This thorough comparison serves as a guide for selecting the most robust outcome variable

for practical applications in this context.

6.2.1 Accuracy and Calibration Analysis

To evaluate the effectiveness of these models, we analyzed their performance using estimated care

and protection concern as the outcome variable across designated time frames. The results based

on specific accuracy metrics (Section 5.3.3.1) calculated at the standard 50% threshold for binary

classification, are presented in Table 6.1. Based on this threshold, probabilities greater than or equal

to 50% were classified as a positive outcome (intake), while those below 50% were classified as a

negative outcome (no intake).

The Four-Year model consistently outperforms the Two-Year and Three-Year models across almost

all metrics, particularly in terms of AUC (0.7213), classification accuracy (0.6743), and F1 score

(0.7352). This model also returned the highest TPR (0.7792), suggesting its effectiveness in cor-

rectly identifying true positive cases. However, the slight decrease in NPV should be considered.

This reduction in NPV can be attributed to the model’s broader ability to capture long-term positive

cases, which naturally increases the likelihood of false negatives as more uncertain cases from the

earlier years manifest over time. This trade-off reflects the inherent complexity of balancing predictive
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Table 6.1: Predictive performance of LASSO logistic regression on internal testing data at the 50% threshold
for binary classification, considering various time frames for care and protection-related events (estimated care
and protection concern).

Model n AUC AUC 95% CI PPV NPV TPR Accuracy F1
Lower Upper

Two-Year 17,843 0.6963 0.6887 0.7040 0.6432 0.6488 0.5733 0.6464 0.6063
Three-Year 17,112 0.7199 0.7124 0.7275 0.6769 0.6470 0.7126 0.6639 0.6943
Four-Year 16,233 0.7213 0.7134 0.7291 0.6959 0.6343 0.7792 0.6743 0.7352

performance across extended time horizons in child welfare contexts. However, in the realm of pre-

dictive risk modeling, particularly within the child welfare context, the primary objective is to enhance

decision-making accuracy to mitigate severe outcomes. This means that, the optimal model is typi-

cally the one that maximizes predictive accuracy. From our results, the Four-Year model emerges as

the most suitable option, offering a slight, yet meaningful advantage in accurately identifying high-risk

children.

In addition to accuracy measures, our models underwent calibration analysis based on the predicted

probabilities from the LASSO logistic regression model. In classification modeling, it is essential to

ensure that the estimated class probabilities accurately reflect the true underlying probabilities within

the sample (Steyerberg & Vergouwe, 2014). In other words, the predicted probabilities must be well-

calibrated, which means that their probabilities should genuinely represent the true likelihood of the

event of interest (Kuhn & Johnson, 2013).

One way to assess the quality of the class probabilities is using a calibration plot. For a given set

of data, a calibration plot compares the predicted probabilities (bin midpoints) against the observed

event rates, allowing an evaluation of how closely the predicted probabilities align with the actual out-

comes. Figure 6.1 shows the calibration plots for the Two-Year, Three-Year, and Four-Year models.



Figure 6.1: Calibration plots of LASSO logistic regression, considering various time frames for care and protection-related events (estimated care and protection
concern).
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In the Two-Year model, there is a notable deviation from the ideal calibration line, particularly at higher

predicted probabilities, indicating a potential overestimation of risks. The Three-Year model exhibits

improved calibration, with predictions more consistently aligning with the diagonal, reflecting better

accuracy and reliability. The Four-Year model achieves a higher degree of calibration, with predictions

closely mirroring actual outcomes across the entire probability spectrum.

Given the challenge of distinguishing calibration performance between the Three-Year and Four-Year

models using calibration plots alone, we supplemented our analysis with Brier scores to provide a

more precise validation and comparison (Brier, 1950). While calibration plots visually depict how

well predicted probabilities align with actual outcomes, Brier scores offer a quantitative measure that

enhances and complements these visual assessments.

For binary outcomes (where the outcome yi is either 0 or 1), the Brier score for a set of predictions

can be calculated as:

Brier Score =
1
n

n∑
i=1

(pi − yi )2, (6.1)

where:

• n is the number of predictions.

• pi is the predicted probability of the positive class for the i-th observation.

• yi is the actual outcome (0 or 1) for the i-th observation.

We calculated Brier scores for the Two-Year, Three-Year, and Four-Year models using the internal

testing data from the Sample Cohort 2017, with the ModelMetrics package in R (Mortimer et al.,

2018). We applied bootstrap sampling to estimate the variability and robustness of the scores. The

results are represented in Table 6.2.

Overall, the models show reasonable calibration, with the Four-Year model being the best calibrated.

However, none of the models have a Brier score close to 0, which would indicate perfect calibration.

Hence, while the models are not poorly calibrated, there may still be room to improve their accuracy

and calibration. As shown in Table 6.2, the Four-Year model outperforms both the Two-Year and

Three-Year models, as reflected by its lower Brier score. This lower score suggests that the Four-

Year model provides more accurate and better-calibrated predictions. The confidence intervals for all

models are narrow, suggesting that the Brier scores are reliable estimates of model performance.
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Table 6.2: Brier Scores with 95% Confidence Intervals (CI) for LASSO logistic regression predictions.

Model Brier Score Lower 95% CI Upper 95% CI

Two-Year 0.2201 0.2179 0.2225
Three-Year 0.2128 0.2105 0.2151
Four-Year 0.2085 0.2058 0.2112

6.2.2 Disparities Analysis Across Subgroups

In order to address equity and accuracy of models, we analyzed disparities across subgroups based

on gender, age, and ethnicity. According to Vaithianathan, Dinh, et al. (2019), the ability of a predic-

tive risk model to promote equality and to ensure that cases are treated consistently depends on how

well the models are calibrated across these segments of the population.

We employed the Equalized Calibration Error (ECE) method suggested by Chawla et al. (2004) as

a measure of calibration, to assess and compare the calibration of predictive model among these

subgroups. The ECE is a metric that quantifies the difference between predicted probabilities and

observed outcomes, averaged over multiple bins of predicted probabilities (Chawla et al., 2004). The

formula for ECE is defined as:

ECE =
M∑

m=1

|Bm|
n

· |acc(Bm) − conf(Bm)| , (6.2)

where:

• M is the number of bins (or groups) into which predicted probabilities are divided.

• Bm represents the set of indices of samples whose predicted probabilities fall into the m-th bin.

• |Bm| is the number of samples in bin Bm.

• n is the total number of samples.

• acc(Bm) is the accuracy or the average of true labels for samples in bin Bm.

• conf(Bm) is the average predicted probability for samples in bin Bm.
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Table 6.3: Gender-based disparities in mean Equalized Calibration Error (ECE) for LASSO logistic regression
predictions.

Model Females Males Disparity (Females-Males)

Two-Year 0.0161 0.0141 0.0021
Three-Year 0.0200 0.0193 0.0007
Four-Year 0.0217 0.0211 0.0006

Figure 6.2: Bootstrapped Equalized Calibration Error (ECE) by gender.

To ensure robustness in our conclusions, we employed a bootstrapping approach, which involved

repeatedly resampling the data with replacement and recalculating the ECE for each group (1000

bootstraps). This method allowed us to estimate the variability and 95% confidence intervals around

the ECE, providing a reliable assessment of calibration disparities. Overlapping confidence intervals

suggest similar calibration errors across groups, meaning that the model is equally well-calibrated. In

contrast, non-overlapping intervals would imply potential disparities, with the model performing better

for some groups than others.

Figures 6.2, 6.3, and 6.4 illustrate the bootstrapped ECE for subgroups across the Two-Year, Three-

Year, and Four-Year models, while Tables 6.3, 6.4, and 6.5 present the mean ECE values along with

disparities between groups, highlighting the differences in calibration across these models.

6.2.2.1 Gender Disparities

As shown in Figure 6.2 and Table 6.3, in the Two-Year model, the ECE for females is slightly higher

at 0.0161 compared to 0.0141 for males, resulting in a disparity of 0.002. This indicates that while

the model demonstrates relatively low calibration errors overall, there is a noticeable discrepancy
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Table 6.4: Age-based disparities in mean Equalized Calibration Error (ECE) for LASSO logistic regression
predictions.

Model 0_Newborn One-Four Five-Eight Nine-Twelve Over 12 Disparity (Highest-Lowest)

Two-Year 0.0483 0.0235 0.0174 0.0245 0.0304 0.0309
Three-Year 0.0616 0.0305 0.0238 0.0223 0.0303 0.0393
Four-Year 0.0453 0.0337 0.0189 0.0198 0.0321 0.0265

based on gender, with the model being less well-calibrated for females. As the outcome variable time

frame extends to three years, both genders experience an increase in ECE, with values of 0.0200 for

females and 0.0193 for males. However, the disparity between genders narrows to 0.0007, implying

Figure 6.3: Bootstrapped Equalized Calibration Error (ECE) by age group.

that the model becomes more balanced in its predictive accuracy across genders, even as the overall

calibration error increases. In the Four-Year model, the ECE further increases to 0.0217 for females

and 0.0211 for males, but the disparity reduces slightly to 0.0006, marking the smallest difference

across the three time frames.

This observed trend suggests that, although the model’s calibration error generally worsens over

longer time frames, it becomes more equitable in its performance between genders. Thus, while

the Two-Year model exhibits lower ECE values, it also has the largest gender disparity. Conversely,

the Four-Year model, despite its higher ECE, offers a more consistent calibration across genders,

highlighting the trade-off between overall model calibration and equity in predictions based on gender.



CHAPTER 6. EMPIRICAL RESULTS 118

Table 6.5: Ethnic group disparities in mean Equalized Calibration Error (ECE) for LASSO logistic regression
predictions.

Model NZ European and Others Māori Pacific Disparity (Highest-Lowest)

Two-Year 0.0295 0.0126 0.0384 0.0259
Three-Year 0.0259 0.0189 0.0306 0.0118
Four-Year 0.0126 0.0187 0.0317 0.0191

Figure 6.4: Bootstrapped Equalized Calibration Error (ECE) by ethnicity.

6.2.2.2 Age Group Disparities

Across all models, the 0–Newborn age group consistently shows the highest ECE, with the Three-

Year model reaching a peak value of 0.0616 (Table 6.4). Despite this, disparities across age groups

stabilize in the Four-Year model, which has the lowest variation (0.0265). Although some differences

remain, particularly between the 0–Newborn and Over 12 age groups, these disparities are less pro-

nounced compared to the Two-Year and Three-Year models, suggesting a more balanced calibration

across age groups in the Four-Year model (Figure 6.3).

6.2.2.3 Ethnic Group Disparities

As illustrated in Figure 6.4 and Table 6.5, the highest ECE is observed for the Pacific group across all

models, followed by NZ European and Others, with the lowest ECE for the Māori group. The largest

disparity between ethnic groups is evident in the Two-Year model, with a significant difference be-

tween the Pacific and Māori groups. The disparity decreases in the Three-Year model, but increases

slightly in the Four-Year model, particularly between the Pacific and Māori groups.



CHAPTER 6. EMPIRICAL RESULTS 119

6.2.3 Summary of Findings

Our analysis, utilizing separate LASSO logistic regression models based on care and protection-

related events across different time frames, revealed an enhancement in predictive accuracy (Table

6.1). Extending the period covered by the outcome variable improved AUC and overall accuracy

by approximately 3% (Table 6.1), with the Four-Year model achieving the highest AUC (0.7213) and

overall accuracy (0.6743). This indicates better performance in identifying high-risk children. More-

over, the Four-Year model consistently outperformed the others in terms of calibration across age

groups and genders. Its calibration was more closely aligned with observed outcomes, particularly in

long-term risk prediction.

While the Three-Year model exhibited slightly better performance regarding equity across ethnic

groups, the Four-Year model still provides fair calibration and equitable predictions across all de-

mographics, with only minor disparities that could potentially be mitigated through further feature

refinement and the use of alternative modeling techniques.

Overall, the Four-Year model, with its better predictive accuracy and relatively balanced calibration

across different demographic groups, emerges as the most suitable choice for defining the outcome

variable in this study. Consequently, the outcome variable is defined to predict for each child notifi-

cation, the probability that one or more of the events outlined in Table 5.1 will occur within four years

of the initial notification. This is referred to as the ’estimated care and protection concern within four

years’ throughout this study. This selection enables a more comprehensive assessment of risk over

an extended period, providing a robust foundation for subsequent analyses.

6.3 Predictor Variables

After a comprehensive review of the Stats NZ IDI data dictionaries and classification files provided

by government agencies, we extracted relevant information from datasets listed in Table 4.1. The ex-

tracted information from these administrative datasets was then used to construct the initial predictor

features, detailed in Tables A.1-A.7 of Appendix A.

The final set of predictor variables used for modeling in this thesis was determined following a rigor-

ous pre-processing phase, which involved evaluating the predictive power of each feature based on

AUC and examining potential interactions among them.

During the data pre-processing phase, some integer predictors were transformed into categorical
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variables by binning (Kuhn & Johnson, 2013). This process involved grouping integer values into

discrete categories based on predefined ranges, allowing for more interpretable and manageable

feature sets. The binning thresholds were selected based on domain knowledge and exploratory

data analysis, ensuring that each bin represented meaningful distinctions within the data (e.g., age,

number of siblings, proportion of time on benefit, etc). Additionally, all categorical variables were con-

verted into dummy variables prior to their inclusion in the models to ensure appropriate handling of

categorical data (Kuhn & Johnson, 2013). As a result, the total number of predictors includes dummy

variables, which contributed to a larger number of 250 predictors. Given the predictive nature of the

models developed in this thesis, the large number of predictors (p=250) ensures comprehensive cov-

erage of factors influencing child welfare outcomes.

We categorized the final set of predictors into four groups: child predictors, parents predictors, family

predictors, and other predictors. A detailed list of these predictors, along with the number of features

in each category, can be found in Tables A.8-A.11 of Appendix A.

Parents predictors were encoded consistently for both the mother and the father to reflect their char-

acteristics as risk factors. There was only one exception where the predictor was defined solely for

the father due to a lack of available records for the mother. This exception is a binary variable indicat-

ing whether the father completed a sexual offense program while in custody within the past 5 years.

Other key considerations involved in encoding predictor variables and selecting the final set of fea-

tures are outlined in the following subsections.

6.3.1 Encoding Considerations

Predictor variables related to the child’s history of interactions with child protective services were

encoded across multiple time frames, including the past 3, 6, 12 months, 2 years, or earlier, by con-

sidering the temporal nature of the data and for the following reasons:

Given that most administrative data are timestamped, they capture trends and changes over time

(Chen et al., 2024). By considering children’s interactions with the child welfare system over these

different periods, the model can evaluate varying levels of relevance to current risk. For instance,

recent interactions, such as those within the last 3 or 6 months, may signal more immediate con-

cerns, while interactions spanning the past 2 years or longer provide important context for chronic or

recurring issues.
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Incorporating multiple time frames also enhances the model’s robustness and generalization by al-

lowing it to capture both short-term and long-term risk factors. This approach reduces the impact of

missing data and provides a more complete picture of a family’s interactions with the child welfare

system, thereby increasing the model’s suitability across diverse cases. Additionally, this temporal

encoding enables the model to adapt to broader social and policy shifts that might influence reporting

rates and patterns, ensuring that it remains relevant even as external conditions change (Melz et al.,

2023).

The frequency of events within these time frames also offers crucial insights; a child reported 10

times in a week presents a vastly different risk profile than a child reported once in a year. This

difference in frequency is reflected in the model by encoding both, the total number of events and

binary indicators of whether certain events occurred within specific time frames, allowing the model

to distinguish between high-frequency and low-frequency cases (Chen et al., 2024).

Likewise, we encoded variables related to a child’s interaction with the social welfare system, as well

as variables related to parental criminal history, mental health, or addiction issues, across the past 1,

2, 3, 4, 5 years, or earlier. This approach is consistent with the methodologies applied in the develop-

ment of the DCDA and LA Risk Stratification models (Putnam-Hornstein et al., 2022; Vaithianathan,

Dinh, et al., 2019).

6.3.2 Selection Considerations

Initially, predictor variables related to the child’s history of interactions with child protective services

were encoded to capture both, the number of events within the past 3, 6, 12 months, 2 years, or

earlier, as well as binary indicators for whether specific events occurred within each time frame. To

determine the most effective format for each variable, either as a binary indicator or as a count of

events, both sets of features were evaluated separately for their predictive power in estimating the

outcome variable (estimated care and protection concern within four years). Separate logistic regres-

sion models were trained for each set, and variables with higher AUC values were then selected for

inclusion in the final predictor set.

In instances where the AUC values were comparable across different sets of predictors, the Akaike

Information Criterion (AIC) was considered to inform the selection process. AIC is particularly useful

in logistic regression, as it evaluates model quality by accounting for both goodness of fit and model

complexity, so helping to mitigate overfitting while ensuring the model captures the data patterns ef-

fectively (Kuhn & Johnson, 2013). Although the Bayesian Information Criterion (BIC) is known to be
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Table 6.6: Selected variable types related to children’s history of interactions with the child welfare system.

Extracted Information Selected Variable Type

Substantiated finding of emotional abuse Number of events
Substantiated finding of physical abuse Binary indicator
Substantiated finding of sexual abuse Number of events
Substantiated finding of neglect Number of events
Substantiated finding of maltreatment Number of events
Section 15 report of concern Number of events
Section 15 report of concern with NFAR outcome Number of events
Intake Number of events
Investigation Number of events
Risk and safety assessment Number of events
Placement Binary indicator
Custody guardianship spell Number of events
Family whānau Agreement (FWA) Binary indicator
Family Group Conference (FGC) Number of events

more conservative than AIC due to its stronger penalty for model complexity, it was not used system-

atically in this study. AIC was prioritised because the primary aim was to improve predictive accuracy,

and AIC is often preferred when prediction is the goal. Predictor variables and their selected type

based on this assessment are presented in Table 6.6. Additionally, simple logistic regressions were

conducted for each predictor variable independently against the outcome variable to evaluate their

individual contributions. This analysis provided insights into the strength of association between each

predictor and the outcome, as well as the variance each predictor explained on its own. Predictors

that did not demonstrate a statistically significant effect on the outcome were excluded from further

analysis.

6.4 Risk Prediction Enhancement through Data Linkage

This section presents our empirical findings from systematically investigating the impact of incorpo-

rating additional predictor variables on the predictive power of baseline logistic regression models

by linking CYF data with information from other government agencies and NZ Census records (see

Section 5.3.1).

We developed and trained baseline logistic regression models, including regularized variants such as

LASSO, Ridge, and Elastic Net, using 70% of the Sample Cohort 2017. These models were subse-

quently validated on the remaining 30% of the sample, and their performance across various metrics

at a 50% threshold is outlined in Table 6.7. The regularization parameter (λ) was tuned using a 5-fold
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cross-validation resampling technique for regularized logistic regressions to identify the model with

the highest testing AUC (see Section 5.3.2.2).

The probability of the outcome (estimated care and protection concern within four years) was ob-

tained from our models. To assess the effect of incorporating additional predictors at each linkage

level, we evaluated the models’ performance in terms of both accuracy and potential predictive bias

or unfairness based on these probabilities.

6.4.1 Evaluating Accuracy Across Data Linkages

As shown in Table 6.7, the highest AUC values are achieved by LASSO (AUC: 0.7193), Elastic Net

(AUC: 0.7193), and Ridge (AUC: 0.7189), with the LASSO logistic regression model consistently

and slightly outperforming the others in terms of AUC and overall accuracy. Specifically, the LASSO

model exhibits the highest AUC values across all data linkage approaches (1L-5L, as described in

Section 5.3.1), indicating better discriminatory power in distinguishing between positive and negative

cases. As additional predictor variables were incorporated through each data linkage level (1L-5L),

the performance metrics generally improved, with the most significant enhancement observed in the

5L data linkage approach (from 0.7073 to 0.7193).

As the regularized logistic regression variants (LASSO, Ridge, and Elastic Net) demonstrated com-

parable predictive performance, our analysis focused on probabilities or predictions obtained from

three models moving forward: LASSO logistic regression, full logistic regression, and refined logistic

regression. At each linkage level, the refined logistic regression was trained using only the predictors

from the full model that met the entry criterion of p-values less than 0.1 (p < 0.1).

To provide a more comprehensive evaluation of model performance across different risk groups, we

also assessed cumulative accuracy, which allowed us to examine how well the models performed not

only at a fixed threshold but also across varying levels of risk.

Figure 6.5 presents cumulative accuracy plots for these three candidate models, offering a detailed

comparison of model performance across various risk ventiles for linkages 1L and 5L. Each plot in

Figure 6.5 displays cumulative accuracy (%) as a function of ventiles (5% risk groups). The solid

black line represents models trained on predictors derived from CYF data, Children’s Action Plan,

and Demographic Details data (1L data linkage approach), while the red dotted line corresponds to

models trained on an expanded set of predictors that includes additional data from Benefit Dynamics,

Sentencing and Remand, PRIMHD, and the 2018 Census (5L data linkage approach). It is evident
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that models trained on both 1L and 5L predictors exhibit a decreasing trend in cumulative accuracy

from the highest risk groups (top 5%) to the lowest risk groups (lower 5%). This trend highlights the

models’ heightened accuracy in predicting outcomes for higher-risk individuals.

Within each logistic regression model, the one trained on the expanded set of predictors (5L) consis-

tently outperforms the models trained solely on predictors from Child, Youth and Family, Children’s

Action Plan, and Demographic Details data (1L) across all risk cutoffs. This superiority is partic-

ularly pronounced in the highest risk groups, where the cumulative accuracy remains above 85%,

compared to approximately 80% for models trained on predictors from the 1L linkage approach. The

performance gap between the models narrows as we move towards the lower-risk groups, indicating

a convergence in accuracy for individuals with lower risk scores. This comparative analysis suggests

that incorporating additional predictors from other organizations enhanced the model’s predictive

power, particularly in high-risk populations.

The overall results suggest that models utilizing predictors from the 5L data linkage approach con-

sistently outperform those trained on the more limited set of predictors (1L), particularly in the high-

est risk groups. This indicates that incorporating additional predictors from other government data

sources enhances the model’s ability to identify high-risk individuals, leading to enhanced predictive

performance.



Figure 6.5: Cumulative accuracy gain for candidate logistic regression models across 5% risk groups (ventiles).
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Table 6.7: Predictive performance results of baseline logistic regression models using a standard 50% threshold for binary classification, evaluated on 30% of the
Sample Cohort 2017 across data linkages 1L-5L

Linkage Model AUC AUC 95% CI PPV NPV Accuracy TPR F1
Lower Upper

1L Full Logistic Regression 0.7055 0.6975 0.7135 0.6866 0.6160 0.6618 0.7675 0.7248
Refined Logistic Regression (p<0.1) 0.7037 0.6957 0.7118 0.6865 0.6160 0.6618 0.7682 0.7251
LASSO Logistic Regression (λ = 0.00045) 0.7073 0.6993 0.7152 0.6866 0.6167 0.6621 0.7688 0.7254
Elastic Net Logistic Regression (λ = 0.000901) 0.7056 0.6976 0.7136 0.6865 0.6165 0.6620 0.7689 0.7253
Ridge Logistic Regression (λ = 0.010905) 0.7053 0.6973 0.7133 0.6849 0.6147 0.6604 0.7685 0.7243

2L Full Logistic Regression 0.7149 0.7070 0.7229 0.6954 0.6279 0.6713 0.7720 0.7317
Refined Logistic Regression (p<0.1) 0.7142 0.7062 0.7221 0.6944 0.6278 0.6709 0.7733 0.7317
LASSO Logistic Regression (λ = 0.000495) 0.7152 0.7073 0.7231 0.6943 0.6283 0.6710 0.7739 0.7319
Elastic Net Logistic Regression (λ = 0.000821) 0.7152 0.7073 0.7231 0.6945 0.6281 0.6710 0.7736 0.7319
Ridge Logistic Regression (λ = 0.010905) 0.7149 0.7070 0.7228 0.6941 0.6295 0.6714 0.7755 0.7326

3L Full Logistic Regression 0.7157 0.7078 0.7236 0.6959 0.6266 0.6710 0.7694 0.7308
Refined Logistic Regression (p<0.1) 0.7150 0.7071 0.7229 0.6946 0.6278 0.6709 0.7723 0.7314
LASSO Logistic Regression (λ = 0.000451) 0.7160 0.7081 0.7239 0.6951 0.6273 0.6710 0.7717 0.7314
Elastic Net Logistic Regression (λ = 0.000821) 0.7160 0.7081 0.7239 0.6951 0.6271 0.6709 0.7710 0.7311
Ridge Logistic Regression (λ = 0.011968) 0.7156 0.7077 0.7235 0.6950 0.6285 0.6714 0.7729 0.7319

4L Full Logistic Regression 0.7171 0.7092 0.7250 0.6969 0.6280 0.6722 0.7701 0.7317
Refined Logistic Regression (p<0.1) 0.7161 0.7082 0.7240 0.6964 0.6284 0.6721 0.7713 0.7319
LASSO Logistic Regression (λ = 0.000495) 0.7173 0.7094 0.7252 0.6973 0.6293 0.6729 0.7714 0.7325
Elastic Net Logistic Regression (λ = 0.000989) 0.7173 0.7094 0.7252 0.6966 0.6289 0.6724 0.7713 0.7321
Ridge Logistic Regression (λ = 0.010905) 0.7171 0.7092 0.7250 0.6970 0.6300 0.6731 0.7725 0.7328

5L Full Logistic Regression 0.7190 0.7112 0.7269 0.6977 0.6298 0.6734 0.7717 0.7328
Refined Logistic Regression (p<0.1) 0.7175 0.7096 0.7254 0.6948 0.6275 0.6709 0.7720 0.7313
LASSO Logistic Regression (λ = 0.000596) 0.7193 0.7114 0.7272 0.6970 0.6330 0.6744 0.7764 0.7346
Elastic Net Logistic Regression (λ = 0.001307) 0.7193 0.7114 0.7271 0.6966 0.6323 0.6739 0.7762 0.7342
Ridge Logistic Regression (λ = 0.010905) 0.7189 0.7110 0.7268 0.6952 0.6314 0.6728 0.7768 0.7337

Note: At each linkage level, the refined logistic regression was trained using only the predictors from the full model that met the entry criterion of p-values less than 0.1 (p < 0.1). We
refer to this as refined logistic regression (p<0.1).
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6.4.2 Evaluating Predictive Bias Across Data Linkages

This section provides a thorough analysis of the ethnic bias properties of models developed through

each data linkage approach (1L-5L). The objective is to determine whether incorporating additional

variables through linkages, as well as employing different modeling methods, reduces potential pre-

dictive bias across ethnic groups. The evaluation in this section focuses on Māori, Pacific, and NZ

European and Others ethnic groups.

Table 6.8 presents the distribution of ethnic groups across the primary records used in developing

predictive risk models in this thesis. Māori children are notably over-represented in records of past

interactions with child protective services. For instance, Māori children in the Sample Cohort 2017

(n=54,111) comprise 60% of records for past Section 15 notifications, 65% of past intakes, and 65%

of past substantiated findings of maltreatment, despite representing a smaller proportion of the gen-

eral population. According to the 2018 New Zealand Census, 16.5% of the population identified as

Māori, compared to 70.2% identifying as European, 15.1% as Asian, 8.1% as Pacific peoples, and

1.9% as Middle Eastern, Latin American, or African (MELAA). Because individuals could identify with

more than one ethnic group, these percentages do not sum to 100% (Stats NZ, 2018b). Similarly,

Māori represent 61% of the records in the Benefit Dynamics data (2L) and are significantly over-

represented in the Sentencing and Remand data, making up 72% of the records for fathers and 74%

for mothers (3L). Additionally, Māori constitute 65% of the records in the PRIMHD data for fathers

and 62% for mothers.

In contrast, Pacific children constitute only 7% to 11% of these records, while NZ European and Oth-

ers range between 19% and 31%. This discrepancy is also reflected in the 2017 Sample Cohort’s

outcome variable, where 61% of children with an observed estimated care and protection concern

within four years are Māori, 11% are Pacific, and 29% are NZ European and Others ethnic groups

(see Table B.2 in Appendix B).

The ethnic group imbalance across records raises important concerns about the potential for pre-

dictive models to reinforce systemic bias. The over-representation of Māori children in welfare and

criminal justice datasets could lead to models disproportionately predicting higher risk for Māori,

thereby perpetuating inequitable outcomes (Barocas & Selbst, 2016).

To assess predictive bias based on ethnicity, we specifically focus on three key fairness metrics: cal-

ibration, accuracy equity, and error rate balance, also referred to as equalized odds. The rationale

behind this decision was discussed in Section 5.3.3.2.
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Table 6.8: Distribution of ethnic groups (Māori, Pacific, and NZ European and Others) across key records in
the Sample Cohort 2017.

Category Record Māori Pacific NZ European and Others

Past Section 15 notifications 36,375 60% 10% 30%
Past intake 31,785 65% 10% 25%
Past substantiated findings of maltreatment 19,080 65% 10% 25%
Benefit Dynamics data 30,480 61% 11% 28%
Sentencing and Remand data (Father) 14,541 72% 8% 20%
Sentencing and Remand data (Mother) 6,999 74% 7% 19%
PRIMHD (Father) 20,058 65% 8% 27%
PRIMHD (Mother) 23,175 62% 7% 31%
Total records (n) 54,111 29,841 18,296 5,974

Note: Since the number of records varies across different Census questions, the number of records for the 2018 Census
data is excluded from this table. Each variable encoded from the 2018 Census data includes an unknown category to
account for missing or incomplete responses.

The results presented in the following subsections are derived from a validation sample of 16,223 chil-

dren from the 2017 cohort, which was excluded from the training of the predictive models (internal

testing data). The fairness evaluation in this section primarily focuses on three ethnic groups: Māori

(n=8,988), Pacific (n=1,806), and NZ European and Others ethnic groups (n=5,436). For details on

ethnic group classification, refer to Section 5.2.3.1.

6.4.2.1 Calibration

One way to address equity is by evaluating how well the models are calibrated across ethnic groups

(Centre for Social Data Analytics, n.d.). Ideally, Māori, Pacific, and NZ European and Others children,

when assigned the same risk score, should have an equal likelihood of experiencing at least one care

and protection-related event (estimated care and protection concern) within four years. For assess-

ment purposes, we conducted a comparative analysis of the three candidate models across data

linkage levels (1L-5L), as shown in Figure 6.6. Each plot represents the rate of observed estimated

care and protection concern within four years against the predicted risk score, stratified by ethnic

group. A score of 20 represents the top 5% of predicted probabilities, while a score of 1 represents

the bottom 5%.

Across models and linkages, the NZ European and Others group (red line) consistently displays

smooth calibration, with fewer fluctuations compared to Māori and Pacific groups. The Pacific group,
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in particular, exhibits the most calibration instability, especially in the full and refined logistic regres-

sion models, suggesting weaker calibration. However, the LASSO model demonstrates better cali-

bration, particularly in higher linkage levels (4L and 5L), where the curves are more aligned across

ethnic groups.

The full logistic regression model demonstrates progressively improved calibration as additional data

is incorporated, specifically with the inclusion of Benefit Dynamics data, Sentencing and Remand

data, and PRIMHD (4L). Despite these improvements, disparities persist for Māori and Pacific groups

at lower linkage levels (1L and 2L), indicating a potential overestimation of risk. While the inclusion

of the 2018 Census data (5L) slightly improves calibration overall, it appears to have negatively im-

pacted the Pacific group, especially in full and refined logistic regression models. The LASSO model,

however, maintains the best calibration across all linkage levels, particularly in 4L and 5L, providing

the most equitable predictions by minimizing disparities between groups.

These findings are further supported by the assessment of Equalized Calibration Error (ECE), as dis-

cussed in Section 6.2.2, which provides a quantitative measure of calibration (Chawla et al., 2004).

These measures are visually represented in Figure 6.7. In summary, incorporating more compre-

hensive data through linkages enhances calibration, with the LASSO model emerging as the most

effective in producing fair predictions across ethnic groups. This suggests that regularization tech-

niques like LASSO improve fairness by minimizing disparities between groups. However, calibration

alone is not the sole criterion for fairness; metrics such as accuracy equity and error rate balance

also need consideration to holistically evaluate the model’s performance (Chouldechova et al., 2018;

Corbett-Davies et al., 2009). This strongly suggests that our analysis should extend beyond calibra-

tion to assess the broader fairness implications of the predictive risk models.
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Figure 6.6: The rate of observed estimated care and protection concern within four years for Māori, Pacific and NZ European and Others ethnic groups across five
linkage levels (1L-5L) for three logistic regression models: full logistic regression, refined logistic regression (p< 0.1), and LASSO logistic regression.

Note: At each linkage level, the refined logistic regression was trained using only the predictors from the full model that met the entry criterion of p-values less than 0.1 (p < 0.1). We
refer to this as refined logistic regression (p<0.1).
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Figure 6.7: Equalized Calibration Error (ECE) across data linkages for full logistic regression and LASSO
logistic regression models. The bars represent the mean ECE for each group, with error bars denoting the
95% confidence intervals (CI). Lines connecting the groups highlight the trends in ECE disparities as more
comprehensive data is incorporated through higher linkage levels.

6.4.2.2 Accuracy Equity

In evaluating model performance across different data linkage strategies, a comparative analysis

was conducted with a focus on accuracy equity across ethnic groups. Accuracy equity, as defined

by Dieterich et al. (2016), extends the evaluation beyond fixed thresholds by considering the model’s

discriminative ability across the entire risk scale. This approach helps to establish fair assessment of

the model’s ability to distinguish between outcomes across all decision thresholds.

By assessing the difference in AUC values with respect to ethnicity, a comprehensive evaluation of

accuracy equity is achieved. Table 6.9 presents AUC values for the three baseline logistic regression

models: full logistic regression, refined logistic regression, and LASSO logistic regression across eth-

nic groups (Māori, Pacific, and NZ European and Others) and the five data linkage approaches (1L -

5L). This comparison reveals disparities in model performance across groups. Figure 6.8 visualizes

these AUC gaps, illustrating the disparities in accuracy equity between pairs of ethnic groups for each

model and linkage method.

Across all models and linkages, Māori and NZ European and Others show relatively small dispari-

ties in AUC values, particularly in Linkages 2L and 3L, where the inclusion of Benefit Dynamics data

and Sentencing and Remand data results in more equitable predictive performance. For Māori, AUC

values improve with more comprehensive linkages, increasing from 0.6993 in Linkage 1L to 0.7032
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in Linkage 5L with the logistic regression model, and from 0.6872 to 0.7037 with the LASSO model.

This suggests that more comprehensive data better captures predictive patterns for Māori children,

reducing the gap between Māori and NZ European and Others, particularly with the LASSO model.

However, persistent disparities are observed for Pacific children. Their AUC values remain the lowest

across all models and linkages, starting at 0.6405 in Linkage 1L and improving slightly to 0.6626

in Linkage 5L. Even with the LASSO model, where overall performance improves, Pacific children’s

AUC values remain significantly lower than those for Māori and NZ European and Others. Figure

6.8 highlights that the disparity in AUC values between Pacific and NZ European and Others is the

largest, particularly in Linkage 1L. Although this gap narrows in higher-level linkages, the disparity

persists, indicating that even with more comprehensive data, the models struggle to achieve accuracy

equity for Pacific children.

A potential factor contributing to this challenge is the unbalanced nature of the dataset, where Pa-

cific children are notably under-represented. In the 2017 Sample Cohort, Pacific children make up

only 11%, and across all linkages, they comprise just 7% to 11% of the available records, as shown

in Table 6.8. This under-representation results in the models having fewer examples from which to

learn patterns specific to Pacific children, which affects their ability to make accurate predictions for

this group. As a result, even though the inclusion of more data sources through the data linkage ap-

proaches improves accuracy equity overall, the limited data for Pacific children constrains the model’s

capacity to generalize effectively for this group, leading to lower predictive performance.

The imbalance in the data highlights a broader issue in predictive modeling, where under-represented

groups, like Pacific children, may not benefit equally from model improvements, even when additional

data is incorporated. Addressing this imbalance, through adjustment techniques during model train-

ing, could be key to improving accuracy equity for Pacific children.
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Table 6.9: AUC results with 95% confidence intervals stratified by ethnicity across 1L-5L linkages for candidate logistic regression models.

Linkage Group AUC [Lower CI , Upper CI] AUC [Lower CI , Upper CI] AUC [Lower CI , Upper CI]
Full Logistic Regression Refined Logistic Regression (p<0.1) LASSO Logistic Regression

1L Māori 0.6993 [0.6881 , 0.7104] 0.6852 [0.6738 , 0.6965] 0.6872 [0.6759 , 0.6984]
Pacific 0.6405 [0.6152 , 0.6658] 0.6360 [0.6105 , 0.6614] 0.6400 [0.6146 , 0.6653]
NZ European & Others 0.7158 [0.7022 , 0.7294] 0.7144 [0.7008 , 0.7280] 0.7164 [0.7028 , 0.7299]

2L Māori 0.7005 [0.6893 , 0.7116] 0.6987 [0.6876 , 0.7099] 0.6997 [0.6886 , 0.7108]
Pacific 0.6600 [0.6350 , 0.6849] 0.6534 [0.6283 , 0.6785] 0.6586 [0.6336 , 0.6836]
NZ European & Others 0.7207 [0.7072 , 0.7341] 0.7203 [0.7068 , 0.7338] 0.7213 [0.7079 , 0.7348]

3L Māori 0.7010 [0.6899 , 0.7121] 0.6998 [0.6887 , 0.7110] 0.7008 [0.6897 , 0.7119]
Pacific 0.6605 [0.6356 , 0.6854] 0.6535 [0.6284 , 0.6785] 0.6594 [0.6345 , 0.6844]
NZ European & Others 0.7211 [0.7076 , 0.7345] 0.7212 [0.7078 , 0.7347] 0.7219 [0.7084 , 0.7353]

4L Māori 0.7032 [0.6921 , 0.7143] 0.7000 [0.6888 , 0.7111] 0.7013 [0.6902 , 0.7124]
Pacific 0.6639 [0.6390 , 0.6887] 0.6571 [0.6321 , 0.6821] 0.6629 [0.6380 , 0.6878]
NZ European & Others 0.7233 [0.7099 , 0.7367] 0.7235 [0.7101 , 0.7369] 0.7241 [0.7107 , 0.7375]

5L Māori 0.7032 [0.6921 , 0.7143] 0.7026 [0.6915 , 0.7137] 0.7037 [0.6927 , 0.7148]
Pacific 0.6626 [0.6377 , 0.6875] 0.6538 [0.6287 , 0.6789] 0.6611 [0.6362 , 0.6860]
NZ European & Others 0.7260 [0.7126 , 0.7394] 0.7245 [0.7111 , 0.7379] 0.7263 [0.7129 , 0.7397]

Note: At each linkage level, the refined logistic regression was trained using only the predictors from the full model that met the entry criterion of p-values less than 0.1 (p < 0.1).
We refer to this as refined logistic regression (p<0.1).
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Figure 6.8: Ethnic disparities in AUC values for candidate logistic regression models: full logistic regression, refined logistic regression (p<0.1), and LASSO logistic
regression.

Note: At each linkage level, the refined logistic regression was trained using only the predictors from the full model that met the entry criterion of p-values less than 0.1 (p < 0.1). We
refer to this as refined logistic regression (p<0.1).
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6.4.2.3 Error Rate Balance

This section presents the results from assessing error rate balance based on predictions obtained

from the candidate baseline logistic regression models across the five data linkage approaches (1L-

5L). This fairness metric evaluates whether the predictive models treat all groups equally in terms of

prediction errors, indicating that no group disproportionately suffers from higher false positive or false

negative rates. As explained in Section 5.3.3.2, achieving error rate balance, also known as equal-

ized odds, requires that both FPRs and FNRs be similar across ethnic groups. Failure to achieve this

balance could indicate potential bias, disproportionately affecting certain ethnic groups in predictive

decision-making.

To quantify the error rate balance when the protected variable, ethnicity, has more than two levels, we

followed the approach outlined by Purdy and Glass (2023), calculating pairwise error rate ratios for

FPR and FNR across all subgroup pairings. The ratio is computed by dividing the smaller error rate

by the larger one, producing values between 0 and 1. A ratio of 1 or close to 1 indicates equal error

rates, while values closer to 0 reflect greater disparities. To highlight the most significant dispropor-

tionality, we focused on the minimum value of these ratios.

Table 6.10 shows the FNR and FPR for various ethnic groups across three models: logistic regres-

sion, refined logistic regression, and LASSO logistic regression, each applied to five data linkages

(1L-5L). The left side of Table 6.10 provides the FNR and FPR for each ethnic group, while the right

side presents the pairwise ratios of FNRs and FPRs across all subgroup pairings. Ratios are al-

ways constructed with the larger error rate in the denominator, resulting in values between 0 and 1.

For example, the pairwise FNR ratio between Māori and NZ European and Others in Table 6.10 is

0.3747, calculated by dividing the smaller FNR (Māori) by the larger FNR (NZ European and Others),

i.e.,
0.1434
0.3826

≈ 0.3747. This value indicates that Māori children are incorrectly predicted to have no

estimated care and protection concern (false negatives) at 37.47% of the rate of NZ European and

Others. In this case, NZ European and Others children have a higher FNR and are more likely to

be misclassified, meaning the model is more prone to missing care and protection concerns for NZ

European and Others children compared to Māori children.

Similarly, the pairwise FPR ratio between Māori and NZ European and Others in Table 6.10 for the full

logistic regression (1L) is 0.4456, calculated by dividing the smaller FPR (NZ European and Others)

by the larger FPR (Māori), as
0.2918
0.6547

≈ 0.4456. This indicates that the false positive rate for NZ

European and Others children is approximately 44.56% of the false positive rate for Māori children,
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suggesting that Māori children are more likely to be incorrectly predicted to have care and protection

concerns (false positives) compared to NZ European and Others children.

While each ratio highlights potential algorithmic unfairness at the average-risk threshold (the stan-

dard 50% threshold for binary classification), a comprehensive assessment requires considering all

six pairwise error rate ratios across models and data linkage approaches. Ratios closer to 1 indicate

smaller disparities, while lower ratios reflect greater disproportionality. To identify the model with the

least disparity, the minimum error rate ratios across models and linkages are compared, with the high-

est minimum ratio signifying the least disparity. Based on this approach, the full logistic regression

model trained on predictors through the 5L linkage achieves the most balanced error rates, exhibiting

the lowest disparities across ethnic groups (Table 6.10).

The most significant finding from Table 6.10 is that the error rate ratios (both FNR and FPR) between

Pacific and NZ European and Others groups are consistently higher, indicating less disparity in er-

ror rates for these two groups across all linkages and models (FNR ratio: 0.89-0.90 and FPR ratio:

0.64-0.65). This suggests that Pacific and NZ European and Others groups have more balanced er-

ror rates, with the smallest disparities, particularly in the more comprehensive linkages (4L and 5L).

These results highlight that, compared to other ethnic groups, Pacific and NZ European and Others

exhibit a more equitable distribution of misclassification errors.

Overall, examining error rate balance across data linkages suggests that while the incorporation of

more comprehensive linkages (such as 4L and 5L) slightly improves error rate balance across ethnic

groups, disparities still persist, particularly between Māori and NZ European and Others. Notably,

all ratios fall below the 0.80 fairness threshold according to the 80% rule, with only the FNR ratio for

Pacific and NZ European and Others exceeding it. This underscores the need for continued efforts

to address these disparities in predictive models.
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Table 6.10: Error rate ratios stratified by ethnicity across 1L-5L linkages for candidate logistic regression mod-
els: full logistic regression, refined logistic regression (p<0.1), and LASSO logistic regression.

Linkage Group FNR FPR Group Pair FNR Ratio FPR Ratio

Full Logistic Regression
1L Māori 0.1434 0.6547 Māori vs European and Others 0.3747 0.4456

NZ European and Others 0.3826 0.2918 Māori vs Pacific 0.4227 0.6934
Pacific 0.3392 0.4540 NZ European and Others vs Pacific 0.8865 0.6427

2L Māori 0.1387 0.6259 Māori vs NZ European and Others 0.3638 0.4609
NZ European and Others 0.3811 0.2885 Māori vs Pacific 0.4222 0.7048

Pacific 0.3284 0.4412 NZ European and Others vs Pacific 0.8618 0.6539
3L Māori 0.1418 0.6213 Māori vs NZ European and Others 0.3703 0.4620

NZ European and Others 0.3830 0.2871 Māori vs Pacific 0.4279 0.7121
Pacific 0.3314 0.4425 NZ European and Others vs Pacific 0.8652 0.6488

4L Māori 0.1404 0.6201 Māori vs NZ European and Others 0.3652 0.4594
NZ European and Others 0.3845 0.2849 Māori vs Pacific 0.4314 0.7094

Pacific 0.3255 0.4399 NZ European and Others vs Pacific 0.8466 0.6476
5L Māori 0.1429 0.6201 Māori vs NZ European and Others 0.3835 0.4548

NZ European and Others 0.3725 0.2820 Māori vs Pacific 0.4324 0.7156
Pacific 0.3304 0.4437 NZ European and Others vs Pacific 0.8869 0.6355

Refined Logistic Regression (entry criteria p<0.1)
1L Māori 0.1409 0.6578 Māori vs NZ European and Others 0.3665 0.4419

NZ European and Others 0.3845 0.2907 Māori vs Pacific 0.4143 0.6940
Pacific 0.3402 0.4565 NZ European and Others vs Pacific 0.8847 0.6367

2L Māori 0.1359 0.6287 Māori vs NZ European and Others 0.3593 0.4595
NZ European and Others 0.3781 0.2889 Māori vs Pacific 0.4017 0.7241

Pacific 0.3382 0.4552 NZ European and Others vs Pacific 0.8944 0.6345
3L Māori 0.1366 0.6247 Māori vs NZ European and Others 0.3562 0.4601

NZ European and Others 0.3834 0.2874 Māori vs Pacific 0.4133 0.7410
Pacific 0.3304 0.4629 NZ European and Others vs Pacific 0.8618 0.6209

4L Māori 0.1392 0.6238 Māori vs NZ European and Others 0.3631 0.4556
NZ European and Others 0.3833 0.2842 Māori vs Pacific 0.4151 0.7114

Pacific 0.3353 0.4437 NZ European and Others vs Pacific 0.8747 0.6404
5L Māori 0.1362 0.6293 Māori vs NZ European and Others 0.3578 0.4579

NZ European and Others 0.3808 0.2881 Māori vs Pacific 0.3959 0.6990
Pacific 0.3441 0.4399 NZ European and Others vs Pacific 0.9037 0.6550

LASSO Logistic Regression
1L Māori 0.1420 0.6559 Māori vs NZ European and Others 0.3707 0.4459

NZ European and Others 0.3830 0.2925 Māori vs Pacific 0.4247 0.6960
Pacific 0.3343 0.4565 NZ European and Others vs Pacific 0.8729 0.6407

2L Māori 0.1373 0.6308 Māori vs NZ European and Others 0.3648 0.4637
NZ European and Others 0.3763 0.2925 Māori vs Pacific 0.4155 0.6953

Pacific 0.3304 0.4386 NZ European and Others vs Pacific 0.8781 0.6668
3L Māori 0.1374 0.6250 Māori vs NZ European and Others 0.3585 0.4657

NZ European and Others 0.3834 0.2910 Māori vs Pacific 0.4111 0.7079
Pacific 0.3343 0.4425 NZ European and Others vs Pacific 0.8720 0.6578

4L Māori 0.1385 0.6225 Māori vs NZ European and Others 0.3617 0.4582
NZ European and Others 0.3829 0.2852 Māori vs Pacific 0.4192 0.6858

Pacific 0.3304 0.4269 NZ European and Others vs Pacific 0.8629 0.6682
5L Māori 0.1362 0.6259 Māori vs NZ European and Others 0.3683 0.4569

NZ European and Others 0.3699 0.2860 Māori vs Pacific 0.4123 0.7069
Pacific 0.3304 0.4425 NZ European and Others vs Pacific 0.8932 0.6463

Note: At each linkage level, the refined logistic regression was trained using only the predictors from the full model that
met the entry criterion of p-values less than 0.1 (p < 0.1). We refer to this as refined logistic regression (p<0.1).
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6.4.3 Summary of Findings

The analysis of incorporating additional predictor variables through various data linkage approaches

(1L-5L) revealed that, across all models, the LASSO logistic regression consistently achieved the

highest AUC values, indicating slightly better discriminatory power. The inclusion of additional predic-

tor variables slightly enhanced the model’s accuracy, with the most improvement observed in linkage

5L.

Cumulative accuracy plots in Figure 6.4 showed that models using the expanded set of predictors

from 5L data linkage outperformed our competitor models using only Child, Youth and Family, Chil-

dren’s Action Plan, and Demographic Details data (1L), particularly in the highest risk groups, where

the accuracy remained above 85% compared to approximately 80% for models with fewer predictors

(1L). Incorporating more comprehensive data from various sources improved the model’s overall ac-

curacy by 1% from linkage 1L to linkage 5L. While this improvement may seem modest, it translates to

correctly identifying the risks for approximately 162 additional children. In the context of child welfare,

even small gains in accuracy are crucial due to the significant impact that incorrect risk assessments

can have on children and their families. Ensuring the highest possible accuracy in our models is vital

to minimize potential harmful effects and to provide the most reliable support and interventions.

Furthermore, the evaluation of calibration across ethnic groups revealed that more comprehensive

data linkages (4L and 5L) effectively reduced disparities, with the LASSO model consistently demon-

strating the best calibration performance. In terms of accuracy equity, the LASSO model, again,

outperformed both the full and refined logistic regression models when applied to the 5L data link-

age. Despite these improvements, disparities in accuracy equity persist, particularly with Pacific

children, who continue to show the lowest AUC values. While error rate balance improved with the

addition of more comprehensive data, significant disparities remain, especially between Māori and

NZ European and Others.

In conclusion, incorporating additional predictors through data linkages had a positive, though mod-

est, impact on both accuracy and fairness, particularly in predictive models trained on higher linkage

levels. Models utilizing 4L and 5L linked data consistently outperformed those with fewer predictors.

The LASSO logistic regression model, in particular, demonstrated better calibration and consistency

across ethnic groups. Consequently, the 5L linkage will be adopted for the final model analysis mov-

ing forward, given its demonstrated ability to enhance model performance.
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6.5 Predictive Risk Modeling

This section presents findings from employing advanced machine learning algorithms, including ran-

dom forest, support vector machine, and XGBoost, alongside baseline logistic regressions, to evalu-

ate their performance in terms of accuracy and potential predictive bias against Māori children. The

rationale for incorporating these additional models is to determine whether they can better capture the

unique risk factors and complexities associated with different demographic groups, ultimately enhanc-

ing both predictive accuracy and fairness (see Section 5.3.2). The fairness evaluation of the models

in this phase focused on potential bias in predictions between Māori and non-Māori populations, re-

flecting the central concern of this thesis regarding ethnic disparities in child welfare predictions.

Building on the results from Section 6.2 and Section 6.4, the models developed were trained using

the final set of 250 predictors derived from the 5L data linkage strategy (see Section 5.3.1). The

models were trained on 70% of children randomly selected from the Sample Cohort 2017 to predict

the probability of at least one care and protection-related event occurring within four years from the

initial child notification (estimated care and protection concern within four years). These models were

then internally tested on the remaining 30% of the sample (n=16,233). Drawing from the lessons

learned during the development of the Allegheny Family Screening Tool and the issues identified with

its model validation process, as outlined by Chouldechova et al. (2018), we took deliberate steps to

prevent over-optimism in model performance. Specifically, we ensured that children reported at the

same time (such as siblings) were not split between the training and testing sets, thus maintaining

the integrity of the validation process.

Furthermore, to ensure robust validation, the candidate models were externally tested on an inde-

pendent cohort of children who were newly notified between April 1, 2018, and March 31, 2019

(n=53,997). This external validation step was crucial for evaluating the robustness of the models

beyond the initial training data.

6.5.1 Accuracy

Table 6.11 presents the performance results of the methods considered at this stage, based on ac-

curacy metrics discussed in Section 5.3.3.1. Logistic regressions, including the full, refined, LASSO,

Elastic Net, and Ridge, exhibit consistent performance with AUC values around 0.72 when tested on

the randomly selected 30% of children from the 2017 sample cohort. These models also demon-

strate similar TPR values, approximately 0.77-0.78, indicating a strong ability to correctly identify
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at-risk cases. The F1 scores across these models are also consistent, typically around 0.73, re-

flecting a good balance between precision (PPV) and recall (TPR). However, when these models

were applied to the 2018 cohort, a slight reduction in AUC to around 0.71 was observed, alongside a

marginal decrease in sensitivity and F1 score (see Table tab12).

In contrast, the advanced machine learning algorithms, particularly XGBoost, consistently outper-

form the logistic regressions across all metrics. For the 2017 cohort, XGBoost achieved the highest

AUC (0.74) and TPR (0.79), indicating that the model captures more at-risk cases. The F1 score

for XGBoost is also superior, at 0.74, reflecting a more balanced model with better overall predictive

accuracy. Even when tested on the 2018 cohort, XGBoost maintains strong predictive power with

an AUC of 0.73 and a TPR of 0.77. Other advanced models, such as random forest and support

vector machines, also outperformed the baseline logistic regression models, achieving AUC values

approximately 1% higher.

The observed AUC decrease of 1% across all models when testing on children from the Sample Co-

hort 2018 is both expected and reasonable. Natural variations in data distribution or shifts in patterns

and population characteristics between the two years are likely contributors (see Section 6.6.1.5 for

more details). These variations may be influenced by demographic changes, reporting behaviors,

or other external factors, which can affect the models’ ability to generalize across different time pe-

riods (Guo et al., 2021). Despite this slight decline, the models demonstrate robust performance,

maintaining fair predictive capabilities in the face of such natural fluctuations.
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Table 6.11: Predictive performance results of candidate models on the Sample Cohort 2017 (internal testing data) and the Sample Cohort 2018 (external testing data),
based on the standard 50% threshold for binary classification.

Model AUC AUC 95% CI PPV NPV TPR Accuracy F1
Lower Upper

Testing on 30% of the Sample Cohort 2017 (n=16,233)
Full Logistic Regression 0.7190 0.7112 0.7269 0.6977 0.6298 0.7717 0.6734 0.7328
Refined Logistic Regression (p<0.1) 0.7175 0.7096 0.7254 0.6948 0.6275 0.7720 0.6709 0.7313
LASSO Logistic Regression 0.7193 0.7114 0.7272 0.6970 0.6330 0.7764 0.6744 0.7346
Elastic Net Logistic Regression 0.7193 0.7114 0.7271 0.6966 0.6323 0.7762 0.6739 0.7342
Ridge Logistic Regression 0.7189 0.7110 0.7268 0.6952 0.6314 0.7768 0.6728 0.7337
Random Forest 0.7259 0.7181 0.7337 0.6988 0.6347 0.7764 0.6760 0.7356
Support Vector Machine 0.7235 0.7156 0.7313 0.6995 0.6336 0.7741 0.6759 0.7349
XGBoost 0.7386 0.7310 0.7462 0.7012 0.6497 0.7920 0.6835 0.7439
Testing on Samp Cohort 2018 (n=53,997)
Full Logistic Regression 0.7061 0.7017 0.7105 0.6710 0.6345 0.7759 0.6584 0.7197
Refined Logistic Regression (p<0.1) 0.7063 0.7020 0.7107 0.6704 0.6366 0.7797 0.6588 0.7209
LASSO Logistic Regression 0.7075 0.7032 0.7119 0.6706 0.6374 0.7803 0.6592 0.7213
Elastic Net Logistic Regression 0.7076 0.7032 0.7119 0.6706 0.6374 0.7803 0.6592 0.7213
Ridge Logistic Regression 0.7073 0.7029 0.7116 0.6712 0.6378 0.7801 0.6597 0.7216
Random Forest 0.7198 0.7155 0.7241 0.6956 0.6267 0.7698 0.6710 0.7308
Support Vector Machine 0.7191 0.7148 0.7234 0.6965 0.6250 0.7664 0.6707 0.7298
XGBoost 0.7275 0.7232 0.7318 0.6815 0.6421 0.7723 0.6674 0.7241

Note 1: The refined logistic regression was trained using the predictors from the full model that met the entry criterion of p-values less than 0.1 (p < 0.1). We refer to this as refined
logistic regression (p<0.1).

Note 2: The results for the baseline logistic regression models (full, refined, LASSO, Elastic Net, and Ridge variants), tested on 30% of the 2017 sample cohort, are identical to those
shown in Table 6.7 for the 5L data linkage approach.They have been included here again for clearer visual comparison.
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6.5.2 Predictive Bias

To assess the predictive bias or fairness of the models trained in this stage, the analysis focused on

three models: full logistic regression, LASSO, and XGBoost. These models were selected for further

analysis based on their performance across different modeling approaches (see Table 6.11). LASSO

was chosen as a candidate from the regularized methods, emerging as the top-performing model

with higher AUC and F1 scores. Full logistic regression, while simpler, showed similar AUC and F1

scores, highlighting its reliability and interpretability, which are key factors in understanding the im-

pact of various predictors on model outcomes. XGBoost was selected from the advanced machine

learning algorithms, as it achieved the highest AUC, TPR, and F1 scores, making it the top performer

in terms of predictive accuracy.

The fairness of these three models was evaluated using a set of fairness metrics, including calibra-

tion, accuracy equity, statistical parity, and equalized odds. The rationale behind selecting these

measures is detailed in Section 5.3.3.2. Calibration is employed to assess whether the predicted

probabilities accurately correspond to the observed occurrence of care and protection-related events

across ethnic groups. This is critical to ensuring that the models are properly calibrated for both Māori

and non-Māori children, thereby supporting equitable and reliable predictions across these popula-

tions. Accuracy equity examines whether the overall accuracy, as measured by AUC, is consistent

across these groups. Statistical parity evaluates whether the models treat Māori and non-Māori chil-

dren equally in terms of their predicted outcomes, specifically whether the referral rates for children

with an intake outcome are similar across these groups. Finally, equalized odds are analyzed to

determine if the models maintain comparable TPRs and FPRs across groups. This consideration is

particularly important given the significant concerns surrounding the use of predictive risk modeling

within the child welfare context.

The empirical findings from the fairness assessment of the models are presented in the following

sections. These results are based on a validation sample of 16,233 children from the Sample Cohort

2017, which was not included in the training of the predictive models.

6.5.2.1 Calibration

Figure 6.9 presents the observed estimated care and protection concern rates for children across

various risk scores assigned by the model, stratified by ethnicity (Māori vs. Non-Māori). Risk scores

were derived by dividing the predicted probabilities produced by models into 20 equally distributed

risk ventiles, with a score of 20 representing the top 5% of predicted probabilities and a score of 1
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representing the bottom 5%.

Figure 6.9: Observed estimated care and protection concern by risk ventile based on predicted probabilities
from full logistic regression, LASSO logistic regression, and XGBoost, broken down by child’s ethnic group
(Māori vs. Non-Māori). Error bars correspond to 95% confidence intervals.

In evaluating the calibration of the models for Māori and Non-Māori children, the barplots indicate that,

overall, the models are well-calibrated, as the observed care and protection concern rates closely

match the predicted estimates for both groups. However, slight calibration differences emerge in the

lower and middle score ventiles, particularly in the full logistic regression and LASSO models, sug-

gesting potential biases that could result in unequal treatment. For instance, in the lowest ventile

(score of 1) on the full logistic regression model, Māori children have an estimated care and protec-

tion concern rate of approximately 30%, compared to 25% for Non-Māori children. This indicates that

the model may slightly underestimate the risk for Māori children in the lower risk ranges, potentially

leading to discrepancies in how risk is assessed between the two groups. Similarly, miscalibrations
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are observed in the middle ventiles (scores 10-13) in both the full logistic regression and LASSO,

although the magnitude of these discrepancies is less pronounced in the LASSO model. These

patterns suggest that while the models generally perform well, certain score ranges require further

refinement to ensure calibration accuracy and fairness in risk assessments across ethnic groups.

In contrast, the XGBoost model exhibits better calibration across all score ventiles, with observed

rates for Māori and Non-Māori children remaining closely aligned. However, even in XGBoost, slight

miscalibration is detected in the highest ventiles (scores 19-20), where Māori children scoring 20

have an estimated care and protection concern rate of 94%, compared to 88% for Non-Māori chil-

dren. While this difference is relatively small, it highlights that even advanced models require careful

attention to calibration across all risk levels to prevent subtle biases from impacting decisions.

6.5.2.2 Accuracy Equity

Building upon the theoretical framework of accuracy equity discussed earlier in Section 5.3.3.2, we

present the empirical findings from the candidate models across Māori and Non-Māori children. Fig-

ure 6.10 shows the ROC curves stratified by ethnicity for the models.

Across all models, Non-Māori children tend to have higher AUC values than Māori children, reflecting

a slight but consistent discrepancy in accuracy equity. The XGBoost model demonstrates the highest

performance in terms of reducing this disparity, but even in this advanced model, Non-Māori children

benefit from slightly higher predictive accuracy.

To statistically evaluate these differences, we applied the DeLong test to compare the AUC values

between Māori and Non-Māori children for each model (DeLong et al., 1988). The null hypothesis

of the DeLong test is that there is no difference between the AUCs of the two ROC curves being

compared. The test provides a D statistic and a p-value to assess the statistical significance of the

observed differences in AUC. The results from implementing the test in R are presented in Table

6.12.

From Table 6.12, we observe that for the XGBoost model which shows the highest overall perfor-

mance, Māori children have an AUC of 0.7254 compared to 0.7341 for Non-Māori children, with a

D statistic of -1.098 and a p-value of 0.2722. This indicates that while there is a slight performance

disparity in favor of Non-Māori children, the difference is not statistically significant. The LASSO lo-

gistic regression model shows similar results, with an AUC of 0.7037 for Māori children and 0.7135 for

Non-Māori children, resulting in a D statistic of -1.192 and a p-value of 0.2333. Again, the difference
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Figure 6.10: ROC curves stratified by ethnic group (Māori (red) vs. Non-Māori (green)) for full logistic regres-
sion, LASSO logistic regression, and XGBoost.

is small, yet not statistically significant.

The full logistic regression model yields an AUC of 0.7032 for Māori children and 0.7135 for Non-

Māori children. Although the AUC difference is more pronounced in this model, the D statistic of

-1.2581 and the p-value of 0.2084 suggest that the difference is not statistically significant.

Overall, the DeLong test results across all models indicate that although Non-Māori children con-

sistently have slightly higher AUC values than Māori children, these differences are not statistically

significant. The findings suggest that the models perform comparably across the two groups, meaning

that all three predictive risk models maintain fairness toward Māori if accuracy equity was considered

the main measure of fairness approved by stakeholders in the child welfare context.
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Table 6.12: AUC and DeLong statistical test results for Māori and Non-Māori across candidate models.

Note: A p-value > 0.05 indicates no statistically significant difference in AUC values.

Model Group AUC [95% CI] D p-value

Full Logistic Regression
Māori 0.7032 [0.6921, 0.7143] -1.2581 0.2084
Non-Māori 0.7135 [0.7018, 0.7253]

LASSO Logistic Regression
Māori 0.7037 [0.6927, 0.7148] -1.192 0.2333
Non-Māori 0.7135 [0.7018, 0.7253]

XGBoost
Māori 0.7254 [0.7148, 0.7360] -1.098 0.2722
Non-Māori 0.7341 [0.7227, 0.7455]

6.5.2.3 Disparate Impact and Equalized Odd

To assess fairness in addition to calibration and accuracy equity, we used two key metrics: disparate

impact (DI) and equalized odds also referred to as error rate balance. These metrics offer a com-

prehensive view of how models perform across different groups, focusing on both bias and equity in

predictions (Section 5.3.3.2).

Disparate impact (DI) specifically examines whether the model’s intake decision rate (the rate of

children referred for further intervention by the models) differ significantly across groups, leading to

potential disparities in the decision-making process by these models. In binary classification, equal-

ized odds is synonymous with equality of opportunity (EOO) as it assesses the positive predicted

outcomes (ŷ = 1) for both true positive (y = 1) and true negative (y = 0) cases (Hardt et al., 2016).

By measuring EOO for each outcome, EOO(y=0) for the negative outcome and EOO(y=1) for the

positive outcome, we can effectively address the requirements of equalized odds. Subsequently, if

equality of opportunity is maintained for both outcomes, the model satisfies the criterion of equalized

odds.

Table 6.13 provides a detailed examination of intake rates, TPRs, and FPRs, stratified by ethnic

groups, specifically Māori children versus Non-Māori, based on the predicted probabilities from full

logistic regression, LASSO, and XGBoost models, all evaluated at a standard threshold of 50%. The

data reveals a consistent pattern across all models, where Māori children are referred for intake by

the models at substantially higher rates, approximately 77% to 78%, compared to children from other

ethnic groups. This disparity suggests a potential bias in the models, as they systematically identify

a larger proportion of Māori children as needing further intervention. The elevated TPRs for Māori,

ranging from 0.857 to 0.871, indicate that the models are more sensitive in correctly identifying true

positives within this group. However, this increased sensitivity comes at the cost of higher FPRs,

which are also consistently greater for Māori across all models (0.620 to 0.631). Conversely, the
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lower TPRs for Non-Māori (ranging from 0.639 to 0.669) could disadvantage children from these

other ethnic groups, by under-identifying those who genuinely require intervention. This imbalance in

both TPR and FPR across ethnic groups raises significant concerns about the fairness and equity of

these predictive models in child welfare decision-making, potentially leading to both over-intervention

for Māori children and under-intervention for children from other ethnicities.

Applying the two-proportion z-test revealed that these differences in intake rate, TPR and FPR are

statistically significant between Māori children and children from other ethnic groups (p-value < 2.2e-

16).

Table 6.13: Candidate models intake rate, TPR, and FPR for Māori and Non-Māori groups based on standard
50% threshold for binary classifications.

Model Group Intake TPR FPR

Full Logistic Regression
Māori 0.7711 0.8571 0.6201
Non-Māori 0.4816 0.6391 0.3176

LASSO Logistic Regression
Māori 0.7774 0.8638 0.6259
Non-Māori 0.4840 0.6410 0.3205

XGBoost
Māori 0.7841 0.8713 0.6311
Non-Māori 0.4959 0.6692 0.3154

To quantify these disparities as measures of disparate impact and equalized odds, we employed

the approach discussed in Section 5.3.3.2, where disparate impact (DI) is quantified using Equa-

tion (5.16) and equalized odds by evaluating EOO(y=0) using Equation (5.17), and EOO(y=1) using

Equation (5.18). Table 6.14 presents these key fairness metrics across three different models: full

logistic regression, LASSO logistic regression, and XGBoost. Disparate impact (DI) values are con-

sistent across the models, with full logistic regression at 0.6246, LASSO at 0.6224, and XGBoost

slightly higher at 0.6324. In terms of equality of opportunity for negative outcomes EOO(y=0), full

logistic regression and LASSO perform similarly, with values of 0.5121 and 0.5077, respectively,

while XGBoost trails slightly at 0.4997. These values suggest that Māori children are twice as likely

to experience FPs compared to Non-Māori children. This result is crucial, if predictive models are

more likely to falsely predict an intake decision for Māori children, which could be seen as a potential

fairness issue. For positive outcomes EOO(y=1), XGBoost outperforms the others with a value of

0.7680, compared to 0.7458 for full logistic regression and 0.7414 for LASSO.

Overall, the models show comparable fairness metrics, with XGBoost’s higher EOO(y=1) suggest-

ing it may offer better equality of opportunity for positive outcomes. While these values indicate a

reasonable level of fairness, they are still lower than the standard which is 80% in machine learning
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Table 6.14: Fairness evaluation of candidate models based on statistical parity (disparate impact, DI) and
equalized odds (EOO) for both negative outcomes EOO(y=0) and positive outcomes EOO(y=1).

Model DI [95% CI] EOO(y=0) [95% CI] EOO(y=1) [95% CI]
Full Logistic Regression 0.6246 [0.6092, 0.6405] 0.5121 [0.4870, 0.5394] 0.7458 [0.7272, 0.7557]
LASSO Logistic Regression 0.6224 [0.6057, 0.6382] 0.5077 [0.4843, 0.5319] 0.7414 [0.7218, 0.7608]
XGBoost 0.6324 [0.6163, 0.6484] 0.4997 [0.4733, 0.5273] 0.7680 [0.7491, 0.7873]

literature (Feldman, 2015).

To claim that discrimination or unfairness does not exist based on these notions of fairness, statistical

parity or equality of opportunity must be equal to 1. A value of equality of opportunity equal to 1 indi-

cates that there is equal opportunity for every ethnic group for a given class. By measuring equality

of opportunity for each class, we can assess equalized odds. Therefore, if equality of opportunity is

appropriate for both the positive and negative classes, then equalized odds is satisfied. However, it

is not expected that the models to achieve perfect statistical parity or equality of opportunity equal to

1. Instead, we aim to satisfy the 80% rule, which allows for some disparity as long as the outcomes

for different groups do not fall below 80% of each other, ensuring a reasonable threshold for fairness

6.5.3 Summary of Findings

In this section, we examined both the predictive performance and fairness of various machine learn-

ing models, including full logistic regression, LASSO, and XGBoost, using predictors derived from the

5L data linkage strategy. While XGBoost consistently outperformed the logistic regression models in

terms of AUC, TPR, and F1 scores, achieving the highest overall predictive accuracy, its improvement

in fairness metrics was less significant.

Calibration and accuracy equity were not major concerns across the models, as the models showed

relatively consistent performance for both Māori and Non-Māori groups. The observed differences

in AUC between these groups were small and statistically insignificant, indicating that the models

maintained a reasonable degree of accuracy equity (Table 6.12).

However, fairness issues arose when evaluating statistical parity and equalized odds. The results

showed that, despite XGBoost’s strong performance in predictive accuracy, it did not substantially

improve fairness in terms of disparate impact or equalized odds. The models consistently exhibited

disparities in TPR and FPR, with Māori children being identified at higher rates for intake compared to

Non-Māori children, which raises concerns about potential bias in over-identifying Māori children for

intervention. XGBoost demonstrated a marginal improvement in equality of opportunity for positive
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outcomes EOO(y=1), but its performance on equality of opportunity for negative outcomes EOO(y=0)

was comparable to or slightly worse than the logistic regression models.

Given that the logistic regression models, particularly full logistic regression and LASSO, offer similar

levels of fairness while being more interpretable and easier to implement, they remain preferable,

especially within the child welfare system, where simplicity and transparency are highly valued. Al-

though advanced models like XGBoost offer higher predictive power, their added complexity does

not translate into significant fairness improvements. Therefore, this research recommends continuing

to prioritize logistic regression for predictive risk modeling in child welfare settings, as it balances

predictive accuracy with interpretability and fairness.

6.6 Fairness-aware Machine Learning

This section presents the results of applying an in-processing fairness-aware machine learning ap-

proach, to tackle the unfairness issues identified during the predictive bias assessments of the can-

didate models in Section 6.5.2.

The analysis in Section 6.5.2.3 revealed persistent disparities in intake rates, with Māori children

being referred for further intervention (intake) at significantly higher rates compared to children from

other ethnic groups. They were also more frequently misclassified as having estimated care and

protection concern within four years (FPR) across all models, including advanced algorithms like XG-

Boost (Table 6.13). These findings highlighted the need to explore alternative fairness approaches,

as simply applying different models did not lead to significant improvements in fairness.

In response, our in-processing fairness-aware machine learning approach focused on addressing

disparate impact and equalized odds, rather than calibration and accuracy equity, by integrating fair-

ness constraints directly into the logistic regression model during the training phase. This approach

involved reformulating the traditional learning task into a constrained optimization problem (see Sec-

tion 5.4), ensuring that fairness considerations were embedded into the model’s objective function

from the outset.

While calibration and accuracy equity provide important insights into model performance across eth-

nic groups, they do not fully address the critical disparities in error rates, which seemingly dispropor-

tionately affect Māori children. Moreover, the models in this study did not exhibit significant issues

with these fairness metrics, particularly in terms of accuracy equity (see Section 6.5.2).
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Prioritizing calibration alone as a measure of fairness risks overlooking crucial differences in the dis-

tribution of error rates between ethnic groups. By emphasizing disparate impact and equalized odds,

our approach aims to promote a more equitable distribution of false positives, false negatives, and

true positives for Māori children and children from other ethnic groups. This focus is particularly im-

portant in addressing the systematic overestimation of risk for Māori children and the underestimation

of risk for other ethnic groups. Addressing these disparities is crucial for promoting fairness in predic-

tive model outcomes, especially within the sensitive context of child welfare decision-making, where

fairness and equity are paramount.

The following subsections present the findings from our evaluation of the constrained logistic regres-

sion model, with a focus on its predictive performance and its effectiveness compared to existing

decision-making practices. In addition, we examine the impact of this method on gender and age

group disparities, as well as its effect on key fairness measures, particularly accuracy equity and

calibration. A detailed analysis was also conducted to ensure that the aggregation of Pacific children

with the NZ European and Others ethnic groups did not result in any negative consequences for the

Pacific population. Finally, the model’s robustness was assessed through external validation using

the Sample Cohort 2018.

6.6.1 Implementation and Performance Evaluation

Initially, two distinct constrained logistic regression models were developed. The first model con-

sidered only a disparate impact constraint (constrained logistic regression (DI)). The second incor-

porated both disparate impact and equalized odds constraints (constrained logistic regression [DI &

EOO(y=0) & EOO(y=1)]). For each model, we tuned the parameters to achieve an optimal balance

between fairness and model predictive accuracy.

The optimization process was solved using the Sequential Least Squares Programming (SLSQP)

algorithm, implemented through the nloptr package in R (S. G. Johnson, 2008). After parameter

tuning and experimentation, for the constrained logistic regression (DI) model, λDI = 0.1 was found

to provide the best balance, while in the model constrained by both disparate impact and equalized

odds, the optimal values were λDI = 0.03 and λEO = 0.06. These values provided an effective balance

between fairness and predictive accuracy, ensuring that the models effectively mitigated potential bi-

ases while maintaining robust predictive power in terms of AUC.

To evaluate the efficacy of the fairness-aware logistic regression models, we assessed their perfor-

mance against the baseline logistic regression model on internal testing data (30% of the Sample
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Cohort 2017). The results, detailed in Tables 6.15 and 6.16, demonstrate the trade-offs between

model accuracy and fairness, illustrating how the inclusion of fairness constraints affects both model

performance and the equitable treatment of different ethnic groups.

In terms of accuracy measures (Table 6.15), the integration of fairness constraints had minimal im-

pact on the AUC values, which remained relatively stable across models, with only a slight reduction

observed. Notably, Non-Māori children consistently exhibited marginally higher AUC values in all

cases. These results reveal that the fairness-aware machine learning approach implemented in this

work had a noticeable effect on key metrics such as intake rate, TPR, and FPR across Māori and

Non-Māori children (Figure 6.11).

In the baseline logistic regression model, Māori children had significantly higher intake, TPR, and

FPR values compared to Non-Māori children, indicating that the model was more likely to identify

Māori children as at risk, but also more prone to generating false positives. This discrepancy high-

lights an inherent bias within the model’s predictions, disproportionately affecting Māori children by

misidentifying them as high-risk more frequently. This overestimation of risk has the potential to un-

fairly impact Māori children, subjecting them to higher rates of false identification.

However, the application of our proposed fairness-aware approach, incorporating both disparate im-

pact (DI) and equalized odds [EOO(y=0) & EOO(y=1)] constraints, led to measurable improvements

in equity across the key metrics. Specifically, the introduction of these fairness constraints resulted in

a reduction of both intake and FPR for Māori children, indicating a moderation of the model’s previous

tendency to overestimate risk and reduce the frequency of false-positive classifications. These re-

sults suggest that the fairness-aware modifications were effective in mitigating some of the disparities

observed in the baseline model, particularly by reducing the FPR for Māori children, while maintain-

ing overall predictive performance.

While the fairness-aware approach was effective in mitigating some of the disparities observed in the

baseline model, particularly by reducing the FPR for Māori children, these improvements came with

certain trade-offs. Specifically, the fairness-aware approach also resulted in a reduction of the TPR

for Māori children by approximately 7%. Despite this decline, the reduction in TPR was relatively

modest when compared with the significant improvements in FPR and intake rate, which decreased

by 11% and 8%, respectively (Table 6.15). For Non-Māori children, the fairness-aware approach

led to increases in intake rate, TPR, and FPR, ultimately resulting in more balanced and equitable

outcomes across both groups. This underscores the potential of fairness-aware methodologies to
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Table 6.15: Predictive performance measures of the baseline logistic regression model and constrained logistic
regression models, with 95% Confidence Intervals (CI) for AUC and the intake outcome. Intake refers to the
rate of positive outcomes predicted by the models.

Group Intake [95% CI] AUC [95% CI] Accuracy PPV NPV TPR FPR F1
Logistic Regression

All 0.6448 0.7190 [0.7112, 0.7269] 0.6734 0.6948 0.6298 0.7717 0.4626 0.7328
Māori 0.7711 [0.7629, 0.7800] 0.7032 [0.6921, 0.7143] 0.6839 0.7080 0.6025 0.8571 0.6201 0.7755
Non-Māori 0.4816 [0.4706, 0.4933] 0.7135 [0.7018, 0.7253] 0.6603 0.6769 0.6449 0.6391 0.3176 0.6575

Constrained Logistic Regression (DI)
All 0.6427 0.7134 [0.7055, 0.7213] 0.6711 0.6956 0.6270 0.7704 0.4662 0.7311
Māori 0.7043 [0.6945, 0.7140] 0.7013 [0.6902, 0.7124] 0.6819 0.7263 0.5760 0.7628 0.5309 0.7628
Non-Māori 0.5663 [0.5550, 0.5772] 0.7123 [0.7006, 0.7241] 0.6577 0.6481 0.6702 0.6820 0.4067 0.6820

Constrained Logistic Regression (DI & EOO)
All 0.64379 0.7117 [0.7030, 0.7122] 0.6682 0.6930 0.6233 0.7688 0.4709 0.7289
Māori 0.6901 [0.6811, 0.6992] 0.7030 [0.6919, 0.7141] 0.6786 0.7286 0.5673 0.7896 0.5159 0.7579
Non-Māori 0.5858 [0.5753, 0.5964] 0.7122 [0.7004, 0.7240] 0.6552 0.6410 0.6753 0.7366 0.4295 0.6855

Table 6.16: Fairness measures of the baseline logistic regression and constrained logistic regression models,
based on disparate impact (DI) and equality of opportunity for both negative outcomes EOO(y=0) and positive
outcomes EOO(y=1).

Model DI [95% CI] EOO(y=0) [95% CI] EOO(y=1) [95% CI]
Logistic Regression 0.6246 [0.6092, 0.6405] 0.5121 [0.4870, 0.5394] 0.7458 [0.7272, 0.7557]
Constrained Logistic Regression (DI) 0.8040 [0.7837, 0.8223] 0.7660 [0.7281, 0.8040] 0.8959 [0.8741, 0.9196]
Constrained Logistic Regression (DI & EOO) 0.8489 [0.8298, 0.8686] 0.8324 [0.8034, 0.8835] 0.9335 [0.9121, 0.9554]

address biases in predictive models while carefully managing trade-offs in predictive performance.

Additionally, the results presented in Table 6.16 highlight the significant impact of incorporating fair-

ness constraints into logistic regression models to achieve more equitable outcomes across ethnic

groups. While the baseline logistic regression model achieves a solid AUC of 0.7190 and a high

TPR of 0.7712, it falls short on fairness metrics, with a DI of 0.6246 and inconsistent EOO(y=0) and

EOO(y=1) values across groups.

Introducing the constrained logistic regression model (DI) slightly reduced the AUC to 0.7134 but

notably improved fairness, with DI increasing to 0.8040 and EOO(y=1) rising to 0.8959. However,

this model does not address EOO(y=0) sufficiently to meet the 80% rule of fairness in the machine

learning literature (Feldman, 2015). In contrast, the constrained logistic regression model that in-

corporates both DI and EOO constraints demonstrates a balanced improvement in fairness metrics

without a significant loss in predictive performance. This model maintains a competitive AUC of

0.7117 while substantially improving DI to 0.8493, EOO(y=1) to 0.9329, and EOO(y=0) to 0.9335, all

of which satisfy the 80% rule of fairness.

Improvements in fairness are further illustrated in Figure 6.12, which compares the mean predicted

probabilities for Māori and Non-Māori children across the models. In the logistic regression model
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Figure 6.11: Intake rate, TPR, and FPR across the baseline logistic regression and constrained logistic regres-
sion models for Māori and Non-Māori groups. The heatmap illustrates the differences in intake, TPR, and FPR
between models. The color gradient represents the magnitude of these metrics, with darker shades indicating
higher values, showing how fairness constraints influence the model’s performance across these groups.

(Panel A), Māori children consistently have higher predicted probabilities, regardless of the true out-

come, indicating that the model systematically overestimates risk for this group. However, in the

constrained logistic regression model with DI (Panel B), the gap in predicted probabilities narrows,

particularly for positive outcomes, showing an improvement in equity. Finally, in the constrained logis-

tic regression model with both DI and EOO constraints (Panel C), the predicted probabilities for Māori

and Non-Māori converge closely, demonstrating the model’s ability to reduce both false positives and

disparities in risk prediction across ethnic groups. This visual alignment supports the improvements

in fairness metrics observed in Table 6.16, highlighting that the combined disparate impact and equal-

ized odds constraints lead to more equitable risk assessments while maintaining acceptable levels of

predictive performance.

The results from the constrained logistic regression models indicate improvements in fairness across

Māori and Non-Māori children when both disparate impact and equalized odds constraints are ap-

plied. While these fairness metrics suggest more equitable model performance, it is still essential

to assess how these models behave across different risk groups. To further evaluate fairness, we

divided the predicted probabilities into three categories: low risk (ventiles 1-6), medium risk (ventiles

7-14), and high risk (ventiles 15-20). The boxplots in Figure 6.13 display the distribution of predicted

probabilities for each group across these risk levels. This breakdown helps identify how the models

distribute risk scores between Māori and Non-Māori children, ensuring that fairness gains are re-

flected not only in overall metrics but also within specific risk categories. While improvements were
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Figure 6.12: Mean predicted probabilities by true outcome for Māori and Non-Māori children across the base-
line logistic regression and constrained logistic regression models.

observed, it remains crucial to monitor predicted probabilities to ensure fairness is maintained across

all risk levels.

As seen in Figure 6.13, in the baseline logistic regression model, Māori children tend to receive

higher predicted probabilities than Non-Māori across the low and medium risk groups, indicating a

potential bias toward overestimating risk for Māori children. However, when fairness constraints are

applied in the constrained logistic regression model, the predicted probabilities between Māori and

Non-Māori become more aligned. This is most evident in the low and medium risk levels, where the

medians of the predicted probabilities for both groups are very close, showing that the constrained

model successfully mitigates the bias observed in the baseline model. At the high-risk level, the

medians of predicted probabilities are closely aligned in both models, indicating that the fairness

constraints do not significantly affect the predictions for high-risk cases. This suggests that the bias

was most prominent in the low and medium risk levels in the baseline model, and the application

of fairness constraints particularly helped address discrepancies in these groups. In summary, the

constrained logistic regression model improves fairness by ensuring that the predicted probabilities

are more consistent across ethnic groups, especially in the low and medium risk categories, while

maintaining equitable predictions at the high-risk level.

6.6.1.1 Disparities Analysis Across Subgroups

In predictive risk modeling, it is critical to assess not only the overall performance of a model, but also

the presence of any disparities in its predictions across different demographic groups (Vaithianathan,
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Figure 6.13: Distribution of predicted probabilities across risk score levels for the baseline logistic regression
model and constrained logistic regression models. The boxplots represent the predicted probabilities for Māori
(orange) and Non-Māori (gray) children across low (ventiles 1-6), medium (ventiles 7-14), and high (ventiles
15-20) risk score levels.

Dinh, et al., 2019). While the use of constrained logistic regression models has demonstrated im-

provements in fairness based on ethnicity, as detailed in Section 6.6.1, it is important to further ex-

plore how well the constrained models maintain equity in terms of calibration across key subgroups

such as gender and age.

The gender-based calibration analysis, shown in Figure 6.14, highlights significant improvements in

reducing gender disparities through the use of constrained logistic regression models. In the baseline

logistic regression model, discrepancies between male (blue line) and female (red line) calibration are

evident, particularly in the lower risk ventiles, where males tend to exhibit slightly higher rates of ob-

served estimated care and protection concern. The observed disparities decrease as the risk scores

increase, with the lines converging more closely in the higher ventiles (above 12). When the model

is constrained to achieve demographic parity by applying a disparate impact constraint (constrained

logistic regression (DI)), the calibration between males and females aligns more closely across all

risk ventiles, especially in the lower ranges where disparities were previously more prominent. While

minor discrepancies persist in some low to mid-range ventiles, the overall fairness between genders

improves significantly compared to the baseline logistic regression model.

Further constraining the model to optimize both disparate impact and equalized odds (constrained

logistic regression [DI & EOO(y=0) & EOO(y=1)]) nearly eliminates calibration differences across gen-

ders, resulting in the closest alignment between male and female calibration curves across the entire
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Figure 6.14: Gender-based calibration plots for the baseline logistic regression and constrained logistic regres-
sion models.

range of risk ventiles, with particular improvements in the lower ventiles. Overall, both constrained

models demonstrate improved calibration, ensuring that predicted probabilities more equitably reflect

observed outcomes across gender groups. This analysis underscores the effectiveness of fairness-

aware techniques in mitigating gender disparities while also preserving fairness across ethnic groups,

further strengthening the model’s equity-focused approach.

Analyzing the age-group calibration in Figure 6.15, the baseline logistic regression model reveals

considerable variation between age groups, particularly in the lower ventiles (1–6). For instance, chil-

dren under five (red line) consistently exhibit lower rates of observed estimated care and protection

concern in these lower risk ventiles. In contrast, in the higher ventiles (15–20), the rates for all age

groups converge more closely, reducing visible disparities. When the model is constrained by apply-

ing the disparate impact constraint, the variability between age groups in the lower ventiles decreases,
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Figure 6.15: Age-based calibration plots for the baseline logistic regression and constrained logistic regression
models.

although some disparities remain. The calibration lines for different age groups draw closer together,

reflecting improved alignment across age groups, though notable divergence persists, particularly

for children over 13 years old (purple line). The introduction of additional fairness constraints, incor-

porating both demographic parity and equalized odds, results in a much tighter alignment between

age groups, including in the lower risk ventiles (1–6). The calibration lines overlap significantly more

across all ventiles, especially in the lower and mid-range ventiles where disparities were previously

more pronounced. This suggests that the additional fairness constraints substantially reduce most

calibration differences between age groups. However, some divergence remains, particularly for chil-

dren over 13 years old, indicating that further refinement may be needed to address this age-specific

disparity fully.
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6.6.1.2 Potential Effects on Ethnic Group Calibration and Accuracy Equity

While one of the primary focuses of this thesis has been on error rate balance or equalized odds,

particularly in reducing outcome disparities between Māori and Non-Māori children, it is important to

extend the fairness evaluation to include other dimensions such as accuracy equity and calibration.

Accuracy equity ensures consistent predictive performance across ethnic groups (Chouldechova &

G’Sell, 2017), while calibration assesses whether predicted probabilities align with actual outcomes

(Berk et al., 2021). These concepts were previously discussed in Section 5.3.3.2 and examined in

Section 6.5.2.

To provide transparency and a comprehensive fairness analysis, we evaluated the impact of disparate

impact and equalized odds constraints on accuracy equity and calibration. This evaluation allows us

to assess whether improvements in error rate balance lead to trade-offs in these other dimensions.

The analysis in Section 6.5.2.2 revealed that accuracy equity is achieved in the baseline logistic re-

gression model (Table 6.12). In this section, we examine whether the disparate impact and equalized

odds constraints maintain this equity. Figure 6.16 represents the ROC curves for these models, while

Table 6.17 presents the results of statistically testing AUC differences between Māori and Non-Māori

children.

The constrained logistic regression models, both with disparate impact and the combined disparate

impact and equalized odds constraints, demonstrate minimal performance differences in AUC be-

tween Māori and Non-Māori. DeLong statistical tests confirm that these differences are not statis-

tically significant, with both p-values greater than 0.05 (Table 6.17), supporting the conclusion that

accuracy equity is preserved between Māori children and children from other ethnic groups, despite

the application of fairness constraints.

However, as shown in Figure 6.17, the application of these constraints introduces a trade-off be-

tween improving fairness in terms of error rates and maintaining calibration accuracy. While these

constraints are designed to mitigate disparities in error rates between Māori and Non-Māori by bal-

ancing TPRs and FPRs, they affect the model’s ability to align predicted probabilities with observed

outcomes for these ethnic groups.

In the baseline logistic regression model, the observed rates of estimated care and protection con-

cerns increase consistently with higher risk scores for both Māori and Non-Māori. However, some

disparities are evident, particularly in the lower and middle ventiles (e.g., Māori children have an esti-

mated rate of 30% in the lowest ventile, compared to 25% for Non-Māori). Similar discrepancies are
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Table 6.17: AUC and DeLong statistical test results for Māori and Non-Māori for constrained logistic regression
with disparate impact (DI) and constrained logistic regression with both disparate impact (DI) and equalized
odds constraints [DI EOO(y=0) EOO(y=1)].

Model Group AUC [95% CI] D p-value

Constrained Logistic Regression (DI)
Māori 0.7013 [0.6902, 0.7124] -1.3414 0.1798
Non-Māori 0.7123 [0.7006, 0.7241]

Constrained Logistic Regression (DI & EOO)
Māori 0.7030 [0.6919, 0.7141] -1.1178 0.2637
Non-Māori 0.7122 [0.7004, 0.7240]

Note: A p-value > 0.05 indicates no statistically significant difference in AUC values.

Figure 6.16: ROC curves stratified by child’s ethnic group (Māori vs. Non-Māori) for constrained logistic re-
gression with disparate impact (DI) and constrained logistic regression with both disparate impact (DI) and
equalized odds constraints [DI & EOO(y=0) & EOO(y=1)].

present in the mid-range ventiles, though these are more pronounced in the constrained models.

Calibration, which ensures that predicted probabilities align with actual event rates, is compromised

as the model adjusts its predictions to achieve fairness in error distribution. This is evident in the

observed divergence between the predicted and actual outcomes for Māori and Non-Māori at certain

risk levels, particularly in the constrained models. Despite the constraints improving fairness by re-

ducing classification bias, the cost is a reduction in the accuracy with which the predicted risks reflect

true outcomes for each group. These findings highlight a fundamental trade-off between fairness in

terms of equalized odds and fairness in terms of calibration in predictive modeling.

Overall, the combination of disparate impact and equalized odds constraints proved to be the most

effective strategy for reducing predictive bias in outcomes without significantly compromising predic-

tive performance. Consequently, this approach is the preferred method for addressing fairness in this
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Figure 6.17: Observed estimated care and protection concern by risk ventile based on predicted probabilities
from baseline logistic regression model and constrained logistic regression models for Māori (orange) and
Non-Māori(gray) children. Error bars correspond to 95% confidence intervals (CI).

context. However, it remains critical to compare the results of these predictive models with the exist-

ing decision-making accuracy in child welfare to assess whether their use provides tangible benefits

over current practices. Such a comparison would offer a more comprehensive understanding of the

value that predictive modeling can bring to decision-making processes and help determine whether

the improvements in fairness and accuracy achieved by the models translate into meaningful gains

in real-world child welfare interventions.

6.6.1.3 Performance Comparison with Existing Decision Making

To assess the accuracy of our constrained logistic regression model with both disparate impact

and equalized odds constraints, we directly compare accuracy measures against the existing intake

decision-making accuracy.11 For consistency, this analysis was conducted on the randomly selected

30% of the data drawn from the Sample Cohort 2017, which was also used for internal testing of

the models. The process for obtaining these samples is outlined in Section 5.2.2. Our investigation

involved determining whether a child in our sample cohort received an intake outcome following the

initial assessment of the notification and tracking subsequent events recorded for that child within four

years of the initial notification in the CYF data (see Section 2.4). These tracked events had to align

with the care and protection-related events used to define the outcome variable (see Table 5.1).

We categorized the accuracy measures into the following four possible outcomes:

Outcome 1. A child has an intake outcome at the time of notification, and the concerns related to

11The statistics presented in Table 6.1 are derived from a research dataset we constructed and should not be considered
official statistics. We do not make any judgments regarding the decision-making process of the data provider.
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care and protection are subsequently found to be true (TP).

Outcome 2. A child doesn’t have an intake outcome at the time of notification, and the concerns

related to care and protection are subsequently found to be false (TN).

Outcome 3. A child has an intake outcome, but the concerns related to care and protection are later

found to be false (FP).

Outcome 4. A child doesn’t have an intake outcome, but the concerns related to care and protection

are subsequently found to be true (FN).

Enhancing the identification of true positives among children referred to child protective services re-

sults in more children receiving the necessary assistance. Conversely, improving the identification of

true negatives reduces unnecessary assessments, thereby enabling social workers to allocate more

time to children and young people in need (Kearney et al., 2023).

A critical measure for evaluating decision-making accuracy is the percentage of decisions that prove

to be ‘true.’ Specifically, this means that children who did not receive an intake outcome also did not

experience any care and protection-related events within four years of the initial notification. Similarly,

children who received an intake outcome experienced at least one of these events. This percentage

corresponds to the model’s classification accuracy.

To evaluate the performance of the current intake decision-making process, we applied the same

accuracy metrics used throughout this work to assess the predictive performance of the models,

ensuring consistency in the evaluation. These results are outlined in Table 6.18.

The comparison between the existing intake decision-making process by NZ child protective services,

for the period between April 1, 2017, and March 31, 2018, and the constrained logistic regression

model demonstrates potential advantages of our predictive model. Our constrained logistic regres-

sion consistently outperformed the existing system across key performance metrics. With a higher

True Positive Rate (77% vs. 62%), the model more accurately identifies children with actual care and

protection concerns, potentially enhancing decision-making and ensuring that those in need receive

timely support. Our results also show that our model improves precision (PPV) and negative predic-

tive value (NPV), increasing both the accuracy and reliability of intake decisions. The F1 score, which

balances precision and recall, was also notably higher for the constrained model (73% vs. 65%),

indicating a more efficient process with fewer unnecessary assessments.

Additionally, the constrained logistic regression model resulted in a higher overall intake rate (64%

vs. 53%). While this increase in intake could raise concerns about service burden, it may also be
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Table 6.18: Accuracy measures of the existing intake decision-making process, baseline logistic regression,
and constrained logistic regression with both disparate impact and equalized odds constraints [DI & EOO(y=0)
& EOO(y=1)].

Proportion of Children Existing
Decision-making

Logistic
Regression

Constrained
Logistic

Regression
Referred with an intake outcome
(Intake)

0.53 0.64 0.64

Received an intake outcome where
there was estimated care and
protection concern (PPV)

0.67 0.70 0.69

Did not receive an intake outcome
where there was no estimated care
and protection concern (NPV)

0.53 0.63 0.62

Had estimated care and protection
concern and received an intake
outcome (TPR)

0.62 0.77 0.77

Did not have estimated care and
protection concern and received an
intake outcome (FPR)

0.42 0.46 0.47

Received an outcome that
correspond with the level of
estimated care and protection
concern (Accuracy)

0.60 0.67 0.67

Had estimated care and protection
concern and received an intake
outcome, reflecting a balance
between precision and recall (F1)

0.65 0.73 0.73

related to the improvements seen in other metrics. For example, flagging more children for interven-

tion can lead to a higher number of appropriate assessments, reflected in improved precision and

a greater proportion of correct classifications (both true positives and true negatives), without a sig-

nificant rise in false positives. This suggests that while more resources may be needed to handle

the increased number of flagged cases, the model is more effectively identifying children who re-

quire support, potentially leading to better-targeted interventions and outcomes. Overall, it suggests

a balance between increasing intake and improving the quality of decisions being made, where the

benefits may outweigh the concerns about the additional service load.

Additionally, we assessed the predictive performance of the baseline and constrained logistic regres-

sion models in comparison to the existing decision-making process across key metrics for both Māori

and Non-Māori children. The results are depicted in Figure 6.18.
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Figure 6.18: Predictive performance comparison of existing decision-making process, logistic regression, and
constrained logistic regression [DI & EOO(y=0) &EOO(y=1)] for Māori children and children from other ethnic
groups (Non-Māori)

The predictive models, particularly the constrained logistic regression, show potential to enhance

decision-making by improving the identification of true cases of children with care and protection

concerns. For Māori children, the constrained model demonstrates a higher TPR of 0.8, compared

to 0.7 for the existing system. This suggests that the model could support more accurate identifica-

tion of children requiring timely intervention. Additionally, the constrained model achieves a PPV of

0.73, significantly higher than the 0.54 observed in the existing system, indicating greater precision

in identifying those with actual care and protection needs.

Moreover, while the FPR of the constrained model is higher than the existing system (0.52 vs. 0.43),

its overall accuracy remains higher at 0.68, suggesting improved reliability in identifying true cases

with estimated care and protection concern. Similarly, for Non-Māori children, the constrained model

shows a notable increase in TPR (0.74 vs. 0.62) and F1 score (0.69 vs. 0.61), reflecting better bal-

ance between precision and recall compared to the existing decision-making process.
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Importantly, the constrained logistic regression model demonstrates more balanced performance

across key metrics when compared to the unconstrained logistic regression model. While the un-

constrained model achieves a higher TPR, it also produces more false positives. The constrained

model, by contrast, manages to reduce the FPR while maintaining high TPR and overall accuracy,

aligning fairness with predictive performance. This balance suggests that the model holds promise

for enhancing decision-making in child protective services, offering a method for identifying children

in need of intervention while addressing fairness across different groups, including Māori.

6.6.1.4 Potential Effect on Pacific Ethnic Group

While the primary aim of this thesis was to assess disparities in predictions between Māori children

and children from other ethnic groups, it is also crucial to evaluate the potential impact of the model

on the Pacific group specifically, as their integration with other ethnic groups may influence how ef-

fectively the model captures distinct patterns or outcomes unique to this subgroup.

For this purpose, to assess the potential effect of combining the Pacific group with NZ European and

Others in the fairness-aware machine learning approach, we focus on the way this group’s inclusion

within a larger non-Māori category may influence their representation and the model’s ability to pre-

dict outcomes specific to them (Table 6.19).

The analysis of our results for Pacific children (n=1,806) highlights the potential benefits of the con-

strained logistic regression model, particularly in improving the identification of those in need of care

and protection services. The TPR for the constrained model is significantly higher at 77%, compared

to 73% in the existing decision-making process and 67% in the logistic regression model, indicating

that the constrained model is more effective in ensuring that Pacific children requiring intervention are

correctly identified. Furthermore, while the FPR increases in the constrained model (0.56 vs. 0.44 in

logistic regression), it remains below the rate observed in the existing system (0.58).

The constrained model also performs well in terms of NPV, with an improved NPV of 0.59 compared

to 0.55 in the existing system, suggesting it better identifies children not in need of care. Importantly,

the constrained model’s accuracy is consistent at 62%, outperforming the existing decision-making

process (59%) while balancing precision (PPV: 0.64) and recall (F1: 0.76). This indicates that the

constrained model enhances decision-making by improving the identification of true positives without

a significant increase in false positives. The increased intake rate of 68% in the constrained model

reflects its more proactive approach, ensuring more children receive timely assessments, although

this may place additional demands on child protective services.
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Overall, the constrained logistic regression model shows a significant enhancement in decision-

making for Pacific children, providing a more accurate and equitable system compared to both the

existing process and baseline logistic regression. While these metrics indicate an overall improve-

ment in decision-making for Pacific children, it is crucial to examine how the constrained logistic

regression model affects Pacific children across different risk groups. In this context, we categorized

the predicted probabilities into three risk levels: low risk (ventiles 1-6), medium risk (ventiles 7-14),

and high risk (ventiles 15-20). Figure 6.19 presents boxplots that provide a clearer view of how the

model assigns risk scores among Māori, Pacific, NZ European, and other children. To a great extent,

performance gains are observed not only in accuracy metrics but also within specific risk categories.

The analysis of predicted probabilities across risk levels for Pacific children also demonstrates the

impact of applying fairness constraints in the constrained logistic regression model. In the baseline

logistic regression, Pacific children exhibit slightly higher predicted probabilities compared to Māori

and European/Other children, particularly at the low (ventiles 1-6) and medium (ventiles 7-14) risk

levels. After applying constraints to ensure fairness (disparate impact and equal opportunity for both

false positive and false negative rates), the predicted probabilities for Pacific children become more

aligned with those of the other groups, particularly in the low and medium risk categories. This

suggests that the fairness-aware adjustments have considerably reduced the disparities previously

observed in the unconstrained model.

However, based on this analysis, the application of fairness constraints does not appear to have had

a negative effect on Pacific children. Although Pacific children were combined with NZ European and

Others, the constrained logistic regression model effectively reduced disparities in predicted probabil-

ities across risk levels. The alignment of predicted probabilities with other ethnic groups, particularly

in the low and medium risk categories (ventiles 1-14), suggests that the model is still able to capture

important distinctions for Pacific children. Therefore, the fairness constraints seem to have enhanced,

rather than compromised, equitable outcomes for this group.



CHAPTER 6. EMPIRICAL RESULTS 166

Table 6.19: Predictive performance comparison of existing decision-making process, baseline logistic regres-
sion, and constrained logistic regression for Pacific ethnic group (n=1,806).

Metrics Existing Decision-Making Logistic Regression Constrained Logistic Regression
AUC * 0.6626 0.6605
AUC 95% CI * [0.6377,0.6875] [0.6355,0.6854]
Intake 0.66 0.57 0.68
Accuracy 0.59 0.62 0.62
PPV 0.62 0.66 0.64
NPV 0.55 0.56 0.59
TPR 0.73 0.67 0.77
FPR 0.58 0.44 0.56

Figure 6.19: Distribution of predicted probabilities across risk score levels for the baseline logistic regression
model and constrained logistic regression models. The boxplots represent the predicted probabilities for Māori
(orange), Pacific (gray), and NZ European and other children (blue) across low (ventiles 1-6), medium (ventiles
7-14), and high (ventiles 15-20) risk score levels.

6.6.1.5 External Validation on the Sample Cohort 2018

Following the development and evaluation of the constrained logistic regression model on the Sam-

ple Cohort 2017, it was essential to validate its performance on an independent dataset to assess its

robustness. For this purpose, the Sample Cohort 2018 was used to evaluate the model’s ability to

maintain fairness and predictive accuracy across different time periods. This validation step is crucial

to ensure that the improvements in fairness, particularly regarding Māori children and other groups,

are consistent and not limited to the original training dataset.

Table 6.20 presents the results of applying the constrained logistic regression model, incorporating

both disparate impact and equalized odds constraints, to the 2018 cohort. It highlights key accuracy

metrics and provides an analysis of shifts in fairness outcomes between Māori and Non-Māori ethnic
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Table 6.20: Predictive performance metrics of constrained logistic regression with both disparate impact and
equalized odds constraints [DI & EOO(y=0) & EOO(y=1)] on internal testing data (30% of the Sample Cohort
2017) and on external testing data (Sample Cohort 2018).

Measure Cohort 2018 Cohort 2017
(n=53,997) (n=16,233)

AUC 0.7027 0.7117
AUC 95% CI [0.6983,0.7071] [0.7030,0.7122]
Intake 0.6605 0.6438
Accuracy 0.6535 0.6682
PPV 0.6655 0.6930
NPV 0.6302 0.6233
TPR 0.7778 0.7688
F1 0.7173 0.7289
Disparate Impact (DI) 0.8372 0.8489
Equality of Opportunity for Negative Outcome [EOO(y=0)] 0.8036 0.8324
Equality of Opportunity for Positive Outcome [EOO(y=1)] 0.9224 0.9335

groups. The focus is on disparate impact and equalized odds, examining both false positive rates

EOO(y=0) and true positive rates EOO(y=1).

The comparison of performance metrics between the external testing on the Sample Cohort 2018

and internal testing on 30% of randomly selected observations from the Sample Cohort 2017 reveals

a consistent pattern of slightly better performance in the internal cohort across most measures. The

AUC for the 2017 cohort (0.7117) is about 1% higher than for the 2018 cohort (0.7027), indicating

slightly stronger discriminatory ability in the internal data.

This trend is further supported by higher accuracy (0.6682 vs. 0.6535) and a notably higher PPV

in the 2017 cohort (0.6930), suggesting the model was more precise in identifying true positives in

the internal cohort. The equality of opportunity metrics for both positive and negative outcomes also

favor the 2017 cohort, with values of 0.9335 for EOO(y=1) and 0.8324 for EOO(y=0), reflecting a

more balanced identification of positive and negative cases.

Despite these differences, the external validation on the 2018 cohort demonstrates reasonable ro-

bustness, with the model maintaining its sensitivity (TPR = 0.7778) and a slightly higher negative

predictive value (NPV = 0.6302).

Importantly, the fairness assessment using the 80% rule continues to be satisfied across both co-

horts, with statistical parity at 0.8372 for the 2018 cohort and 0.8489 for the 2017 cohort, ensuring

equitable treatment across groups.
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The small changes in performance between cohorts can be attributed to differences in the underlying

population and potential temporal effects; however, these variations are minimal and are not expected

to undermine the model’s overall fairness and effectiveness, supporting its ability to generalize effec-

tively.

The observed decrease of 1% in AUC when scoring children from 2018 is both expected and rea-

sonable. Natural variations in data distribution, random variability, or shifts in patterns and population

characteristics between the two years are likely contributors (Guo et al., 2021). Specifically, it is

very likely that the four-year time span and the impact of the COVID-19 pandemic, including associ-

ated lockdowns in NZ, disrupted routine interactions between child protective services and the public,

leading to a decline in recorded cases (Guardian, 2020; Robson, 2020; Tamariki, 2020). Such dis-

ruptions could potentially alter the underlying data structure, making it inherently more challenging for

predictive models to maintain their accuracy. This highlights the importance of regular model updates

to address shifts in data trends. Without periodic retraining, models may struggle to remain effective

in the face of evolving socio-economic conditions and external events like the pandemic.

During this research, an additional analysis was conducted to evaluate the impact of COVID-19 on

records of interaction with child protective services based on the care and protection-related event,

which is detailed in Chapter 8, "Miscellaneous Topics".

Additionally, changes in policies during this period could have influenced the patterns of reported

cases, further contributing to the observed reduction in AUC. While these policy changes are be-

yond the scope of this study, they underscore the complexities of maintaining model performance

across different time periods and shifting socio-environmental contexts (Guo et al., 2021). However,

given that the difference in AUC is only 1%, it is likely within the margin of variability one might ex-

pect when applying predictive models across different cohorts. This stability in AUC underscores the

model’s ability to maintain predictive accuracy even when confronted with data that may exhibit subtle

changes over time, minimizing concerns about potential overfitting to the training data.

6.6.2 Summary of Findings

The application of the proposed in-processing fairness-aware machine learning approach in this work,

which integrates fairness constraints, revealed that the constrained logistic regression model with

both disparate impact and equalized odds constraints provides the optimal balance between fairness

and predictive accuracy among the models evaluated.
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The key findings from this approach are as follows:

• Improvement in error rate balance through reduction in the FPR and intake rates for Māori chil-
dren, effectively mitigating the overestimation of risk observed in the baseline logistic regression
model.

• Enhancement of TPR for Non-Māori children, though this improvement came with a trade-off,
as it increased the FPR for this group.

• Slight improvement in calibration, addressing age and gender disparities present in the baseline
logistic regression model.

• Preservation of accuracy equity between Māori and Non-Māori children, with consistent AUC
values across both groups.

• A trade-off between maintaining calibration between Māori and Non-Māori children and improv-
ing fairness in terms of error rate balance or equalized odds.

• Outperformance of the existing decision-making process, with higher TPR and F1 scores, indi-
cating better identification of children with actual care and protection concerns.

• Improvement in overall accuracy and precision, despite a higher FPR compared to the existing
decision-making process.

• Improvements in TPR and overall accuracy for Pacific children, even though they were com-
bined with NZ European and Others, outperforming both the existing decision-making process
and the baseline logistic regression model.

• Reduction in disparities in predicted probabilities across risk levels for ethnic groups, maintain-
ing equitable outcomes without compromising predictive accuracy.

• Demonstration of the model’s potential to enhance child welfare interventions by promoting
more accurate decision-making across different ethnic groups, especially for Māori and Pacific
children.

In conclusion, the constrained logistic regression model, with integrated fairness constraints for dis-

parate impact and equalized odds, represents a robust approach to addressing fairness concerns in

predictive modeling. It successfully reduced disparities in error rates for Māori children while main-

taining performance across ethnic groups, including Pacific children. Additionally, it outperformed ex-

isting decision-making processes, suggesting that fairness-aware predictive models have the poten-

tial to enhance child welfare interventions as assistance tools by promoting more accurate decision-

making. However, ongoing validation and comparison with real-world outcomes remain critical to

ensuring that these models continue to offer tangible benefits in improving the accuracy and fairness

of child protection systems. The evolving nature of socio-economic conditions, along with shifts in

data trends, necessitates continuous model updates and retraining to maintain their effectiveness

and fairness in real-world applications.



Chapter 7

Discussion

7.1 Introduction

The persistent over-representation of Māori children in the child welfare system has long been a criti-

cal issue in NZ (Keddell & Davie, 2018; Keddell & Hyslop, 2019). This imbalance, as confirmed by our

own analysis, shows that Māori children are disproportionately represented across key child welfare

interactions. For instance, in the the Sample Cohort 2017 utilized for training predictive models in this

thesis, Māori children comprised 60% of records for past Section 15 notifications, 65% of past intakes,

and 65% of past substantiated findings of maltreatment (Table 6.8), despite representing a smaller

proportion of the general population based on NZ official statistics. The systemic over-representation

of Māori children in the child welfare system poses a significant risk of introducing bias into predictive

models, as these models are trained on historical data that reflect existing inequalities, potentially

perpetuating these disparities (Barocas & Selbst, 2016; Calders & Žliobaitė, 2013).

This phenomenon was evident in our analysis, where the models developed in this thesis consistently

referred Māori children for intake at significantly higher rates, approximately 77% to 78%, compared

to children from other ethnic groups. This consistent over-identification suggests a potential bias

within the models, as they systematically flagged a larger proportion of Māori children as requiring

further intervention. These findings align with previous research conducted in NZ, which has similarly

highlighted disparities in model predictions affecting Māori children (Rea & Erasmus, 2017; Wilson et

al., 2015). Consequently, predictive risk models are at risk of intensifying the over-representation of

Māori, and their use in decision-making could perpetuate a cycle of bias that may lead to further dis-

advantage or unfair treatment of Māori (Rea & Erasmus, 2017). The majority of NZ and international

studies on predictive risk modeling in the child welfare sector have opted to exclude race or ethnicity

170
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as predictors, with the intention of avoiding direct bias (see Section 3.4.3). While this approach may

appear to be a straightforward solution to prevent the reinforcement of racial stereotypes, it does

not fully eliminate the potential for bias. Variables that are strongly correlated with ethnicity can still

introduce bias into the model, a phenomenon known as the redlining effect (Lum & Johndrow, 2016;

Vaithianathan, Kulick, et al., 2019; Žliobaitė, 2017). In the context of the over-representation of Māori

children within the child welfare system, features reflecting historical interactions with welfare ser-

vices may indirectly perpetuate bias, even when ethnicity is not explicitly included. This underscores

the need for fairness-aware machine learning techniques that can proactively identify and mitigate

such hidden biases, rather than relying solely on the exclusion of sensitive attributes.

Our study explicitly incorporated ethnicity as a predictor to examine its impact on model predictions

and to investigate whether these disparities could be mitigated through the application of fairness-

aware machine learning approaches. To facilitate this analysis, we developed a model with a robust

level of predictive accuracy, enabling a meaningful evaluation of fairness-aware methodologies. Addi-

tionally, we hypothesized that refining the outcome variable definition and integrating additional data

could enhance the models’ predictive performance. This hypothesis was confirmed, as these factors

contributed to a slight improvement in the models’ predictive power (see Sections 6.3 and 6.4).

Extending the outcome variable (estimated care and protection concern) time frame from two to four

years, thereby capturing the occurrence of long-term events, resulted in improvements in the model’s

predictive accuracy and calibration (Section 6.3). Furthermore, incorporating socio-economic indi-

cators from Benefit Dynamics data, parental criminal history from Sentencing and Remand data,

mental health and substance abuse records from the Programme for the Integration of Mental data

(PRIMHD), and family structure data from the Stats NZ Census, each a recognized risk factor for

child maltreatment, resulted in slight enhancement in performance metrics such as AUC. Despite

these improvements, the findings suggest that while data linkage can moderately enhance predictive

accuracy, it does not fully address the underlying fairness issues related to intake rates and error

rates. Moreover, although these modifications improved the models’ predictive capacity and partially

reduced fairness concerns, they were insufficient in eliminating the disparities observed between

Māori children and children from other ethnic groups (Section 6.4).

Addressing the challenge of developing a predictive risk model that is both more accurate and less

discriminatory, we applied fairness-aware machine learning techniques to systematically identify ef-

fective strategies for mitigating biases. Although calibration and accuracy equity were generally main-

tained across predictive models trained on the final set of 250 predictors, achieving error rate balance,
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particularly for Māori children, remained a significant challenge, as outlined in Section 6.5. To ad-

dress this, an in-processing fairness method was employed, incorporating constraints during model

training to improve error rate balance, also referred to as equalized odds, without compromising over-

all predictive performance.

The constrained logistic regression model, incorporating constraints based on disparate impact and

equalized odds, effectively reduced the FPR for Māori children while increasing the TPR for Non-

Māori children. This resulted in a more balanced distribution of error rates between the two groups

(see Tables 6.15 and 6.16). However, this improvement came with trade-offs. Specifically, the

fairness-aware approach reduced the TPR for Māori children by approximately 7% compared to the

standard logistic regression model. Despite this decline, the reduction in TPR was relatively modest

in contrast to the significant improvements in FPR and intake rate, which decreased by 11% and

8%, respectively (Table 6.15). Nevertheless, the TPR remained higher than that observed in existing

decision-making processes. (Figure 6.18). Conversely, an increase in TPR for children from other

ethnic groups led to a corresponding rise in FPR and intake rate. These findings underscore the

intricate balance between fairness and predictive accuracy in the child welfare context, indicating that

while fairness-aware approaches can mitigate certain biases, their broader implications for decision-

making and potential unintended consequences for various demographic groups must be carefully

considered.

This thesis offers a detailed examination of racial disparities, particularly between Māori children and

children from other ethnic groups, in the predictions generated by risk models within the context of

NZ’s child welfare system. Utilizing a comprehensive dataset constructed from linked administrative

and Census data via the Stats NZ IDI database (Chapter 4), this research provides insights on the

complex dynamics of predictive inequity. While the primary aim was not to validate these models’

efficacy within the NZ child welfare system, the empirical results presented in Chapter 6, combined

with the review of relevant international and NZ literature in Chapter 3, highlight the models’ potential

as decision-support tools, provided that ethical and technical challenges are carefully addressed.

This chapter discusses the findings and implications of the research, focusing on the challenges

and potential solutions for integrating fairness-aware predictive models into child welfare decision-

making. It also synthesizes the key contributions, acknowledges the study’s limitations, and outlines

recommendations for future research. This sets the stage for advancing the development of robust,

equitable, and ethically sound predictive models that can better support child welfare decision-making

and promote fair outcomes across diverse demographic groups.
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7.2 Key Findings

In the next subsections, we present the essential findings derived from the empirical analysis of

predictive risk models developed in this thesis within the NZ child welfare context. The models were

trained on 70% of randomly selected observations from the Sample Cohort 2017 (n=54,411) and

internally tested on 30% of the remaining observations. The results are derived from this 30% of

the observations. However, the size of samples utilized in the outcome variable time-span analysis

(Section 6.2) varies as the sample is adjusted based on the age of children. See Section 5.2.2 for

more details on the sample cohort and sample construction process.

7.2.1 Optimal Outcome Variable Selection

Our analysis revealed that extending the outcome variable (estimated care and protection concern)

time frame from two years to four years resulted in better predictive accuracy and model calibra-

tion. The LASSO logistic regression model with estimated care and protection concern within four

years as the outcome variable achieved the highest AUC (0.7213) and overall accuracy (0.6743),

demonstrating greater performance in identifying high-risk children compared to the Two-Year and

Three-Year models (Table 6.1). This improvement highlights the importance of longer observation

periods for capturing more complex and long-term risk patterns, which are crucial for effective child

welfare interventions.

7.2.2 Impact of Comprehensive Data Linkage

With respect to the integration of a diverse range of predictors from CYF data, Children’s Action Plan

records, Personal Details data, Benefit Dynamics data, Sentencing and Remand data, PRIMHD, and

data from 2018 Census (5L linkage) led to an improvement in the performance of baseline logistic

regression models. Specifically, incorporating these additional variables increased the model’s over-

all accuracy by about about 1% compared to models using only CYF data, Children’s Action Plan

records, and Personal Details Data (1L linkage).

While this improvement may seem small, a 1% improvement in AUC in the child welfare context can

be considered substantial as it enhances the model’s ability to accurately distinguish between at-risk

and non-risk children, which is critical in high-stakes decisions. This small gain can lead to better

resource allocation, ensuring that interventions target those most in need, and help reduce both false

negatives and false positives. In large populations, even minor improvements in predictive accuracy

can positively affect the outcomes for many children, making the model more effective in protecting
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vulnerable individuals (Vaithianathan et al., 2013).

This incremental improvement highlights the effectiveness of including a wide array of risk factors,

such as parental mental health and substance abuse, criminal history, socio-economic status, and

family structure, to provide a more comprehensive assessment of child welfare risks. Furthermore,

these comprehensive data linkages contributed to reduced disparities across ethnic groups, with the

LASSO logistic regression model showing better calibration and more consistent performance. This

finding aligns with previous studies conducted in the U.S., where LASSO was selected for its robust

predictive capabilities, particularly in addressing high-risk populations. These studies highlighted that

LASSO not only offered high overall prediction accuracy but also achieved comparable performance

across diverse racial groups, including African-American children and those from other backgrounds

(Centre for Social Data Analytics, n.d. Putnam-Hornstein et al., 2022; Vaithianathan, Kulick, et al.,

2019).

7.2.3 Advanced Machine Learning Models

The advanced machine learning models developed in this thesis, including support vector machine,

random forest, and XGBoost, demonstrated higher AUC values compared to baseline logistic re-

gression models, see Table 6.11. While XGBoost achieved the best performance with an AUC of

0.73 and a TPR of 0.80, it did not substantially improve fairness metrics such as disparate impact

or equalized odds . In contrast, logistic regression models, particularly LASSO, offered comparable

fairness outcomes while being more interpretable and easier to implement (Table 6.14). This makes

logistic regression a more suitable choice in the child welfare context, where transparency and trust

are critical for stakeholder acceptance and ethical decision-making.

7.2.4 Effectiveness of Fairness-Aware Machine Learning Approaches

In terms of the constrained logistic regression model, incorporating fairness constraints for both dis-

parate impact and equalized odds effectively reduced disparities, particularly by balancing error rates

between Māori and children from other ethnic groups. The model achieved an AUC of 0.71 while

significantly enhancing key fairness metrics. Disparate impact increased from 0.62 to 0.85, equality

of opportunity for positive outcomes EOO(y=1) rose from 0.76 to 0.93, and for negative outcomes

EOO(y=0) improved from 0.51 to 0.83, all meeting the 80% fairness threshold, indicating a substan-

tial reduction in bias (Table 6.16).

Additionally, the model maintained consistent AUC values for both Māori and Non-Māori children,
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balancing predictive accuracy and fairness in terms of statistical parity and equalized odds. However,

achieving fairness in error rates came at the expense of calibration, highlighting the trade-off between

these objectives in predictive modeling when considering fairness constraints (see Section 6.6.1.2).

7.2.5 Model Evaluation Against Existing Decision-Making

Compared to existing child welfare decision-making practices, the constrained logistic regression

model demonstrated higher accuracy (0.67 vs. 0.6), higher TPR (0.77 vs. 0.62), and improved F1

scores (0.73 vs. 0.65), highlighting its potential to more effectively identify children at risk. However,

the model’s increased FPR (0.47 vs. 0.42) points towards careful implementation and continuous

monitoring to mitigate potential unintended consequences.

For Māori children, the model showed a higher TPR (0.8 vs. 0.7) and PPV (0.73 vs. 0.54), with a

modest rise in FPR (0.52 vs. 0.43), but overall better accuracy (0.68 vs. 0.61). Similarly, for Non-

Māori children, the model improved TPR (0.74 vs. 0.62) and F1 score (0.69 vs. 0.61), achieving

a balanced performance with reduced false positives while maintaining high accuracy and fairness

across groups (see Section 6.6.1.3). These results suggest that the constrained logistic regression

model is effective in classifying children at risk while meeting fairness objectives across different

demographic groups.

7.3 Contributions

This thesis contributes to the field of predictive analytics in child welfare by developing a novel dataset,

proposing a fairness-aware machine learning approach, introducing a structured evaluation frame-

work for fairness assessment, and offering comparative insights into model selection. Unlike previous

studies that often focus on a limited set of predictors, this research integrates diverse administrative

data sources, offering a broader and more nuanced assessment of child welfare risk factors.

• Development of a novel integrated dataset: This research constructed a dataset by linking

multiple administrative sources within the StatsNZ IDI. These sources include child welfare

(CYF data, Children’s Action Plan data), social welfare (Benefit Dynamics data), criminal justice

(Sentencing and Remand data), health (PRIMHD), and demographic information from the 2018

Census. The resulting dataset provides a robust foundation for building predictive models that

capture a wider range of risk factors. It also enables future studies to evaluate the predictive

power of these combined variables and supports the refinement of risk models in the NZ child
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welfare context.

• Development of a comprehensive evaluation framework: A key contribution of this thesis is

the introduction of a multi-metric evaluation framework designed to assess both the predictive

performance and fairness of child welfare risk models. Given the ethical sensitivities and the

potential for algorithmic harm in this context, the framework enables a balanced and rigorous

evaluation using the following components:

– Predictive Accuracy: Standard classification metrics such as AUC, accuracy, precision

(PPV), recall (TPR), and F1-score were used to evaluate overall model performance.

– Calibration: Assessed by comparing predicted probabilities with observed outcomes across

subgroups, particularly Māori and Non-Māori children, to ensure predictions align with ac-

tual risk.

– Accuracy Equity: Evaluated by comparing AUC and other metrics across ethnic groups

to determine whether the model performs consistently for different populations.

– Statistical Parity (Disparate Impact): Calculated as the ratio of selection (intake) rates

across ethnic groups, to assess whether the model leads to disproportionate intervention

rates.

– Equalized Odds: Measured by assessing whether true positive and false positive rates

are balanced across demographic groups.

– Trade-off Analysis: Considered the interaction between fairness and performance, espe-

cially the consequences of applying fairness constraints on accuracy and calibration.

This framework offers a robust tool for future researchers and practitioners seeking to evaluate

and enhance fairness in predictive modeling, and may be applicable beyond the NZ context.

• Implementation of a fairness-aware in-processing methodology: This thesis advances

fairness-aware machine learning by developing and applying a constrained logistic regression

model. This in-processing technique introduces constraints based on disparate impact and

equalized odds during model training. The resulting model reduced FPR for Māori children and

improved the balance of error rates between Māori and Non-Māori groups, providing a practical

strategy for reducing algorithmic bias in child welfare decision-support tools.



CHAPTER 7. DISCUSSION 177

• Comparative insight into LASSO versus constrained models: This research offers practi-

cal guidance on model selection in fairness-sensitive applications. LASSO logistic regression

demonstrated strong performance in terms of calibration and accuracy equity, likely due to its

ability to reduce overfitting and eliminate noisy predictors. However, it does not directly address

fairness. Its performance with respect to equalized odds and disparate impact depends on the

structure of the data and underlying sources of bias. In contrast, fairness-aware constrained

models proved more effective in reducing disparities in outcomes. While LASSO may be prefer-

able when interpretability or predictive accuracy is the primary goal, constrained models are

more appropriate when addressing systemic biases is the priority, particularly in high-stakes

domains such as child welfare.

• Emphasis on continuous evaluation and contextual adaptation: The findings highlight the

need for ongoing model monitoring, stakeholder engagement, particularly with Māori communi-

ties and adaptation to the specific social and ethical context of Aotearoa NZ. Although the focus

of this thesis is on the NZ child welfare system, the findings regarding model performance,

fairness trade-offs, and evaluation methodology may be applicable to other jurisdictions and

domains where group-level disparities are of concern.

7.4 Implications

The findings of this thesis have significant implications for integrating fairness-aware predictive mod-

els into child welfare decision-making frameworks. The constrained logistic regression model de-

veloped and evaluated demonstrates the potential to mitigate biases and promote more equitable

outcomes across demographic groups, particularly for Māori children, who have historically faced

disproportionate representation in both child protection services and risk predictions. By enhancing

the model’s capacity to guide intake decisions more accurately, it can serve as a valuable tool for so-

cial workers, supporting them in making more informed and balanced decisions. This approach not

only helps optimize resource allocation to those most in need but also addresses ethical concerns

surrounding the fairness of predictive analytics in sensitive domains like child welfare. However,

when compared to existing decision-making practices, the model tends to produce a 5% higher rate

of false positives, incorrectly flagging cases for intake, despite achieving a high true positive rate and

successfully identifying a large proportion of genuine cases requiring intervention. This discrepancy

necessitates careful consideration, as the increased number of false positives could lead to unnec-

essary investigations, placing undue strain on resources and potentially causing harm to families.
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Therefore, it is crucial for stakeholders to be actively involved in defining appropriate risk thresholds

that align with their operational priorities and ethical considerations. For example, stakeholders could

adopt a screening threshold similar to the Allegheny Family Screening Tool by focusing on the top

25% of risk scores (ventiles 16-20), thereby adjusting the model’s sensitivity to better align with op-

erational goals and ethical standards (Chouldechova et al., 2018).

Another key insight from this analysis is the inherent trade-off between calibration and error rate

balance when developing fairness-aware models. Adjusting the model to ensure error rates are bal-

anced across groups can lead to a loss in calibration, where the predicted probabilities no longer

reflect the true likelihood of outcomes equally well for all groups. This trade-off underscores the

importance of stakeholder involvement in defining and prioritizing the aspects of fairness that align

with their operational goals and ethical standards. Stakeholders must decide whether to prioritize

reducing false positives or maintaining calibration, as these choices will impact the practical utility

and ethical implications of the model in different ways.

This research also identifies significant structural barriers to effective data integration, particularly

within the NZ context. While this study utilized the IDI to develop the predictive model, child wel-

fare agencies would require data-sharing agreements to access and incorporate information from

other agencies. Establishing such agreements, while ensuring robust privacy protections, is crucial

for enabling the development and application of more comprehensive predictive models. Although

only a slight improvement in model performance was observed with the inclusion of additional data,

this underscores the value of even incremental contributions from external sources. It highlights the

need for stronger collaboration between agencies to address the barriers currently limiting effective

data sharing in NZ. These barriers not only hinder timely and comprehensive data integration but

also restrict the potential for more substantial improvements in predictive accuracy. Addressing these

challenges through appropriate data-sharing agreements and privacy protections is essential for de-

veloping more robust and equitable predictive models in the long term.

Moreover, the research highlights the structural barriers to effective data integration, such as privacy

and data-sharing constraints, particularly within the NZ context. Addressing these challenges is cru-

cial for advancing predictive analytics in child welfare. Establishing robust data-sharing agreements

and safeguarding privacy will be key to overcoming these obstacles and enabling the development

and application of more comprehensive predictive models. Despite the slight improvement observed

in model performance, the benefits of incorporating data from other organizations, even incremen-

tally, highlight the importance of fostering stronger collaborations between agencies and addressing
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the structural barriers that currently inhibit effective data sharing in NZ. These barriers can limit the

timely and comprehensive integration of data, thereby restricting the potential for more substantial im-

provements in predictive accuracy. Ensuring appropriate data-sharing agreements and safeguarding

privacy are crucial steps in overcoming these hurdles, which can lead to more robust and equitable

predictive models in the long term. Nevertheless, the adaptable nature of the proposed approach

in this thesis, which can accommodate various protected variables, risk thresholds for classification,

and fairness thresholds (denoted as δ), suggests its broad applicability (see Section 5.4.2.4). This

adaptability also makes it relevant for other domains where maintaining fairness in terms of error rates

and ensuring predictive accuracy are critical, such as criminal justice and healthcare. By applying

these models in different contexts, stakeholders can enhance decision-making processes, making

them more fair and effective across a variety of sectors.

7.5 Limitations

While this research offers valuable insights into the development of fairness-aware predictive risk

models in the child welfare context, our study encountered relevant limitations that, however, provide

opportunities for future exploration. These limitations are categorized and outlined in the following

sections, and are mainly focused on refining predictive models to support fair and effective decision-

making in child welfare.

7.5.1 Data Quality and Availability

Our predictive models rely heavily on the quality and completeness of the administrative data sourced

from the Stats NZ IDI database. Despite the integration of diverse data sources, the accuracy and

comprehensiveness of these datasets is not exempt of variations. Missing or inaccurate data, partic-

ularly in variables extracted from 2018 Census data, could lead to biases in the model’s predictions.

Moreover, administrative data may not capture all relevant aspects of a child’s situation, such as

qualitative information about family dynamics, community support, or individual resilience, which are

difficult to quantify but essential for accurate risk assessment.

Another limitation in this research is related to data availability and the temporal scope of the dataset

used. The research aimed to use data that reflects the period after the transition of the NZ child wel-

fare system from CYF to Oranga Tamariki in April 2017, with the goal of building more contextually

relevant predictive models. Consequently, the study was constrained to using the 2017 cohort for
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training and the 2018 cohort for testing, as these were the most recent and suitable datasets avail-

able when the research commenced in 2021. This restriction was necessary to accommodate the

four-year longitudinal analysis of the outcome variable, capturing a complete period post-transition

(see Sections 5.2.1 and 5.2.2).

This limitation may affect the robustness of the findings, as more recent data reflecting changes in

the child welfare system were not accessible. Additionally, the longitudinal analysis of outcomes may

be influenced by external factors such as the COVID-19 pandemic, which had significant social and

economic impacts during this period, potentially affecting the validity of the findings (Guardian, 2020;

Robson, 2020; Tamariki, 2020).

7.5.2 Trade-offs Between Error Rate Balance and Calibration

While this thesis employed multiple fairness metrics, including equality of opportunity, calibration,

accuracy equity, and equalized odds, achieving a balance between these metrics turns out to be a

compromised solution. The trade-off between calibration and error rate balance was clearly identi-

fied. Models optimized to equalize error rates across different demographic groups, such as false

positives and false negatives, often experience a decline in calibration. In simple words, while the

model becomes fairer in terms of error rates, the predicted probabilities may no longer accurately

reflect the observed outcomes within each group. The decision to prioritize either calibration or er-

ror rate balance depends on the preferences of the stakeholders involved. If the primary concern

is avoiding disproportionate impacts on any group due to incorrect predictions, balancing error rates

may be emphasized. However, if stakeholders are more focused on ensuring that predicted risk

scores closely match true outcomes, calibration may be prioritized.

7.5.3 Limited Scope of Implementation

Although this thesis presents a robust framework for fairness-aware predictive modeling, it has not

been tested in real-world child welfare settings. The proposed framework and models are anticipatory

in nature, suggesting potential benefits should these tools be integrated into the child welfare system

in the future. Ongoing validation and practical testing are needed to fully understand the models’

real-world effectiveness and impact.

Without real-world testing, the effectiveness and potential challenges of implementing these models

remain uncertain. There may be unanticipated issues related to how the models interact with existing

decision-making processes or how stakeholders respond to them. Additionally, the lack of practical
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application could mean that the anticipated fairness improvements may not fully materialize in prac-

tice (Rudin & Ustun, 2019). Therefore, the absence of real-world validation presents a risk that the

models could either overestimate or underestimate their potential to improve outcomes in the child

welfare system.

7.6 Future Research Directions

Building on the findings of this thesis, the following areas present opportunities for future exploration:

1. Incorporating New and Diverse Data Sources: While the integration of additional variables

from various government agencies has enhanced our model’s performance, the observed sim-

ilarity in performance across multiple models suggests a phenomenon known as model satura-

tion. This phenomenon indicates that the predictive capacity of the current dataset has reached

a limit, and no model can significantly outperform others (Li, 2006). To overcome model sat-

uration, future research should focus on incorporating new, more diverse data sources or em-

ploying advanced data engineering techniques, potentially involving the integration of qualita-

tive data, exploration of alternative data linkages, or the use of advanced feature engineering

strategies to extract additional information from existing data.

2. Balancing Fairness and Calibration: Balancing equalized odds with calibration in predictive

models remains a significant challenge. In this work, adjustments made to satisfy equalized

odds across ethnic groups resulted in a decrease in calibration between the groups, where pre-

dicted probabilities no longer aligned with observed outcomes within each group (see Section

6.6.1.2). Future research should explore additional fairness metrics and methodologies to bet-

ter navigate these complexities, providing stakeholders with clear guidance on aligning model

design with their specific values and objectives.

3. Understanding Stakeholder Perceptions of Fairness: Although fairness notions like statisti-

cal parity and equalized odds may be suitable for the NZ child welfare context, the prioritization

of these concepts should reflect the values and principles of relevant stakeholders. Conduct-

ing a study similar to that of Cheng et al. (2021), which examines stakeholders’ perceptions of

algorithmic fairness, would be valuable in the NZ context. Such a study would help identify the

fairness principles most important in child welfare decision-making, ensuring that the chosen

model aligns with the ethical standards and expectations of the community it serves.
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4. Exploring Post-Processing Fairness Correction Methods: Future research should also in-

vestigate post-processing fairness correction methods, such as the one proposed by Purdy and

Glass (2023). This approach involves adjusting classification thresholds based on protected at-

tributes, such as demographic group membership, to create a multi-tiered scoring system that

supports more precise and context-specific decision-making. By customizing thresholds ac-

cording to the specific needs of different demographic groups, this strategy can help achieve

fairer outcomes. Further studies are needed to refine these thresholds and assess the effec-

tiveness of such methods in the NZ child welfare context, ensuring they are both practically

implementable and ethically aligned with the goals of reducing disparities.

5. Developing Frameworks for Regular Model Updates: As socio-economic conditions and

the factors influencing child welfare concerns evolve, predictive models must be periodically

retrained on the most current data to remain effective and relevant. Future research should

focus on developing frameworks for regular model updates, incorporating a data refreshment

mechanism to ensure that the models adapt to emerging patterns and trends in child welfare.

This approach should also include the re-evaluation of fairness constraints to ensure that the

models continue to mitigate biases effectively. Regular retraining will not only maintain predic-

tive accuracy but also ensure that fairness metrics are consistently upheld, thereby enhancing

the model’s long-term utility and ethical viability.

6. Conducting Longitudinal Studies: To fully understand the impact of predictive risk models on

child welfare outcomes, longitudinal studies are needed to assess their long-term effectiveness

in real-world settings. Evaluating the performance and fairness of these models over time will

provide valuable insights into their strengths and limitations. Such studies should also examine

the models’ effects on different demographic groups to identify any unintended consequences

and inform future model refinements. Understanding the longitudinal impact of these models

will be crucial for their responsible deployment in child welfare systems.

7. Addressing Data Bias in Administrative Records: Administrative data, while extensive, often

reflect institutional practices and operational priorities rather than a complete or representative

view of the population. This can introduce data bias, particularly underrepresentation or mis-

classification of certain ethnic or socio-economic groups which may in turn affect model accu-

racy and fairness. Future research should focus on identifying, quantifying, and mitigating these

biases through statistical auditing, bias detection techniques, or debiasing algorithms. Greater

transparency and critical assessment of the sources and structure of administrative data will be
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key to building more trustworthy and equitable predictive models in the child welfare domain.

By addressing these areas for future exploration, this thesis sets a foundation for ongoing research

aimed at developing more robust, equitable, and ethical predictive models in child welfare. Tackling

these challenges will be essential for the responsible and effective integration of predictive models into

decision-making processes, ensuring they serve as valuable tools for supporting vulnerable children

and their families while upholding the highest ethical standards in NZ.

7.7 Conclusion

This thesis has thoroughly developed a framework for fairness-aware predictive modeling within the

NZ child welfare context, addressing significant concerns regarding biases in predictive risk models.

By utilizing a research dataset from the Stats NZ IDI and applying machine learning techniques, the

study has highlighted both, the potential and limitations of these models in mitigating ethnic dispari-

ties, particularly for Māori children. Our research introduces an in-processing approach to incorporate

fairness constraints during the logistic regression learning phase, specifically focusing on disparate

impact and equalized odds. Our approach demonstrated to a great extent, measurable improve-

ments in fairness metrics, such as disparate impact, equality of opportunity, and error rate balance

(also referred to as equalized odds), while maintaining reasonable predictive accuracy. Our results

extensively suggest that fairness-aware models can effectively reduce ethnic disparities in error rates.

This research, on the other hand, also highlights the trade-offs between fairness and other key met-

rics, such as calibration. While the fairness-aware approach improved error rate balance, it resulted

in a decrease in calibration between groups, raising important considerations for the real-world im-

plementation of these models.

More importantly, our findings underscore the need for ongoing research and stakeholder engage-

ment to refine these models and ensure their ethical and effective use in supporting vulnerable chil-

dren. This work sets the stage for further advancements in the field, advocating for a nuanced,

data-driven approach to developing robust, equitable, and contextually appropriate predictive tools in

child welfare.





Chapter 8

Miscellaneous Topics:

Additional Analysis

8.1 Introduction

This chapter presents two independent analyses that stem from the primary findings of this research,

each with distinct objectives:

• To investigate the impact of the COVID-19 pandemic on child protective service records, par-

ticularly records related to care and protection events, and assess how these disruptions may

have influenced the definition of the outcome variable (estimated care and protection concern)

used in this thesis.

• To explore the application of Clustering Analysis (CA) as a methodological approach to enhance

predictive risk modeling in the child welfare context, examining whether unsupervised learning

techniques can improve model understanding and segmentation.

These analyses were identified as important for advancing our understanding of how both external

disruptions and methodological innovations may influence model development and performance in

the Aotearoa New Zealand child welfare context. They are presented as two stand-alone articles

within this chapter.

The main objective of this thesis has been to examine potential unfairness associated with the de-

velopment of predictive risk models and the application of fairness-aware machine learning in the NZ

child welfare context. To support this investigation, it was crucial to develop a model with a sufficient

level of predictive power, aiming for an AUC of at least 0.70, in order to meaningfully assess and

185
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explore fairness-aware methodologies.

Due to confidentiality constraints, we were unable to access the data used in the NZ government-

commissioned project reported in (Rea & Erasmus, 2017). Consequently, we created a research

dataset by extracting information from administrative data available in the Stats NZ IDI. Baseline lo-

gistic regression models were trained using predictors closely aligned with those in (Rea & Erasmus,

2017). Similarly, the outcome variable was defined to predict the probability that one or more events

listed in Table 5.1 would occur within two years for each child in our sample, referred to as estimated

care and protection concern within two years. However, baseline logistic regression models trained

on a sample of 55,287 children notified in 2019 produced an average AUC of 0.68, notably lower than

the 0.75 AUC reported by Rea and Erasmus (2017). Given that the logistic regression model in the

(Rea & Erasmus, 2017) study was based on data from children reported in 2014, prior to the transi-

tion of the NZ child welfare system from CYF to Oranga Tamariki in April 2017, this decrease in AUC

was expected due to natural variations in data distribution, shifts in population characteristics, and

changes in welfare practices. Furthermore, the selection of a 2019 sample and the two-year outcome

definition included the COVID-19 pandemic period. The pandemic, particularly during lockdowns,

may have disrupted routine interactions with child protective services, impacting administrative data

records.

This performance gap, along with the potential effects of these contextual changes, prompted further

analysis. In Section 6.2, we examined the outcome variable’s time frame to account for possible shifts

in child welfare practices following the reforms. We also explored enhancing the model’s predictive

capability through data linkage, developing a novel research dataset that incorporated additional pre-

dictors from various government agencies and the Stats NZ Census (Section 6.3). Moreover, the

impact of the COVID-19 pandemic on child protective service records, particularly those relevant to

the outcome variable (estimated care and protection concern), was investigated, as detailed in Sec-

tion 8.2. Finally, in an early and independent analysis, we explored the potential of utilizing Clustering

Analysis (CA) methods as a preliminary step toward improving the performance of predictive risk

models for use in the intake decision-making process of child protection agencies (Section 8.3). This

paper is also available at: https://arxiv.org/abs/2308.04060.

https://arxiv.org/abs/2308.04060
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8.2 Impact of COVID-19 on Care and Protection Event Records

8.2.1 Introduction

The COVID-19 pandemic has had a significant impact on child maltreatment reports in NZ (Guardian,

2020; Robson, 2020; Tamariki, 2020). According to Guardian (2020), during the first phase of lock-

down, reports of family violence to police dropped, and reports of concern to Oranga Tamariki, the

country’s welfare agency for children, fell by around 40%. In response to the COVID-19 pandemic,

NZ promptly implemented an elimination strategy as its course of action. This approach encom-

passed a set of strong measures, including highly effective border controls, contact tracing, quaran-

tine measures, and intense physical separation (lockdown) (M. G. Baker et al., 2020). While NZ’s

rapid response prevented it from experiencing the ravages of Delta as other countries did during the

pandemic (M. G. Baker et al., 2020; Jefferies et al., 2020), the nation suffered through four phases of

lockdown.

Following the first nationwide lockdown as part of the government’s response to COVID-19, the NZ

child welfare agency established weekly operational reporting on key statistics to maintain oversight

of their operating system during the pandemic. A report by Tamariki (2020) provides a snapshot of

those key statistics, including reports of concern, notifier groups, notifications that required further

action, entries to care, and referrals to youth justice, and FGCs spanning the period of early March

2020 to late June 2020. According to Tamariki (2020), there was a decrease across all these key

statistics when compared to the same time last year. Although this trend may appear as good news,

child welfare experts viewed it differently. To them, fewer reports indicated that abuse and neglect of

children had become less visible, not less prevalent (Robson, 2020).

Throughout the pandemic, many jurisdictions worldwide identified increased risks of abuse and ne-

glect of children (Rapp et al., 2021; Rebbe et al., 2021). Considering that most abuse against children

is perpetrated by family members who reside at home with the child (Bartlett et al., 2017; Hurren et al.,

2018), stay-at-home restrictions, disruption of services during lockdowns, limited access to schools,

and other risk factors (e.g. household stress, financial strains and unemployment) raised concerns

regarding possible maltreatment of children (S. M. Brown et al., 2020; Bullinger et al., 2021; C. Katz

et al., 2021; Lawson et al., 2020; S. J. Lee et al., 2021).

Despite this, various international studies have revealed a reduction in reports of abuse and neglect

during the pandemic (S. M. Brown et al., 2022; I. Katz et al., 2021; McTier & Soraghan, 2022; Rebbe

et al., 2021). For instance, using data from the Colorado Child Abuse and Neglect hotline and the
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Colorado child welfare system, S. M. Brown et al. (2022) found a significant decrease in the number

of referrals during the pandemic, particularly in the education and health reporter categories in Col-

orado, USA. However, it was found that the response time of the child welfare system to the referrals

did not change significantly during this time.

Similarly, I. Katz et al. (2021) examined the impact of the pandemic on child maltreatment reports in

Australia, Brazil, Canada, Colombia, Germany, Israel, and South Africa. This study used data from

child protection services, child abuse hotlines, and official reports to compare the number of child

maltreatment reports and the response time before and during the pandemic. The results of this

study were consistent with (S. M. Brown et al., 2022) across all seven countries.

McTier and Soraghan (2022), on the other hand investigated the use of administrative data to un-

derstand the impact of the COVID-19 pandemic on child maltreatment in Scotland. The authors of

the study found that administrative data on child protection referrals, assessments, and interventions

were useful in understanding the impact of the pandemic on child maltreatment in Scotland. Based

on the analysis of these data, they found that while the number of child protection referrals decreased,

the number of assessments and interventions increased. The authors also found that certain popula-

tions, including families living in poverty and single-parent households, were at a higher risk of child

maltreatment during the pandemic.

The findings from these studies raised concerns that the decline in reports of concern during the

COVID-19 pandemic may have resulted in fewer intake decisions, investigations, and documented

substantiated maltreatment cases. Consequently, if predictive models were trained on reports from

this pandemic period, where the outcome variable was defined within that same time frame, there is

a significant risk of misclassifying high-risk and low-risk children. This misclassification could occur

because the models may not have been properly trained to capture true outcomes, given the disrup-

tions in reporting and intervention processes during the pandemic.

In our analysis in Section 8.3, which included a dataset of 82,338 notifications involving 55,287 unique

children and young people reported in 2019 under Section 15 of the Oranga Tamariki Act 1989, the

outcome variable was defined to predict the likelihood of one or more events listed in Table 5.1 oc-

curring within the next two years for each report of concern. Since the two-year follow-up period

overlapped with the pandemic (2020-2021), and the AUC value of 0.68 was obtained from training a

LASSO logistic regression model on predictors largely based on (Rea & Erasmus, 2017), we grew



CHAPTER 8. MISCELLANEOUS TOPICS: ADDITIONAL ANALYSIS 189

concerned that the pandemic may have affected the records of interactions between NZ’s child pro-

tective services and the public. As a result, this disruption likely contributed to the relatively poor

predictive accuracy of our initial model, as it was trained on data that may not have fully captured the

true outcomes due to pandemic-related anomalies.

The primary aim of this analysis was to utilize the Child, Youth, and Family data accessed through

StatsNZ’s IDI to examine the impact of COVID-19 on the records of interactions between NZ’s child

protective services and the public across different phases of the pandemic. This analysis focused

on understanding how specific events during the pandemic influenced the outcome variables used in

our initial analysis in Section 8.3 and throughout this thesis. More specifically, it aimed to determine

whether statistically significant differences existed in these records during, before, and after the lock-

down phases in NZ. This analysis contributes to the literature and our work in two key areas. First, it

offers longitudinal data from January 2020 to April 2022, covering various phases of the pandemic,

which is valuable for understanding the effects of lockdowns on administrative child welfare records.

Second, it provides critical insights into how the pandemic may have impacted key events and ad-

verse outcomes, an important consideration when selecting a sample cohort to train predictive risk

models for the NZ population.

8.2.2 Method

8.2.2.1 Data Sources

We utilized records from five datasets from the CYF data (see Section 4.3.1). These datasets include

comprehensive records of intakes, investigations, risk and safety assessments, and substantiated

findings of maltreatment involving children reported to NZ’s child welfare agency. The intake datasets

capture details of each intake event, which occurs when an individual or agency reports concerns

about a child being harmed, ill-treated, abused, neglected, or deprived to a child welfare agency or

the police.

Following a notification or report of concern, an investigation or child family assessment is initi-

ated when the initial assessment outcome indicates Further Action Required (FAR). Safety and risk

screenings are performed for all care and protection cases that proceed to this stage. The safety and

risk datasets contain the social worker’s evaluation of the child’s risk and safety, along with the ratio-

nale for subsequent actions. During the investigation phase, a social worker is assigned to conduct

core assessments, which may result in substantiated findings of maltreatment, or a determination
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that no further action is required (NFAR). In cases where additional steps are recommended, the so-

cial worker may suggest holding Family Group Conferences (FGCs) or Family Whānau Agreements

(FWAs). The investigation datasets contain the full details of these assessments and actions.

Agency findings related to abuse are stored in the abuse datasets. Social workers use an abuse

finding event table to record their determinations regarding whether a child has been abused. If

maltreatment is identified, or if the outcome of the investigation phase is FAR, a full assessment is

completed. Figure 2.1 provides a visual representation of this process.

8.2.2.2 Variables

The purpose of this analysis is to examine the child protection indicators outlined in Table 8.1 to as-

sess how reports of child protection concerns changed between January 2020 and April 2022. This

period encompasses the weeks leading up to the first lockdown and a few weeks following the final

lockdown phase. Using records from the intake, safety and risk screening, investigation, and abuse

finding administrative datasets, nine key variables were developed for this analysis. Specifically, we

analyzed the weekly data on the number of reports of care and protection concerns received by NZ’s

child welfare agency, focusing on reports generated by schools, police, and primary health organiza-

tions. Additionally, the number of unique risk and safety assessments, as well as the investigations

conducted, were examined. To further understand the impact of the pandemic, particularly the lock-

down phases, we analyzed differences in the number of unique children receiving intake decisions,

those receiving Family Group Conference (FGC) or Family Whānau Agreement (FWA) recommen-

dations from social workers, and the number of children with substantiated maltreatment findings.

This analysis aimed to assess how these variations in child protection records could influence the

outcome variables used in predictive risk modeling in this thesis.

8.2.2.3 Data Analysis

For this analysis, and in alignment with the sample cohort construction described in Section 5.2.2 of

this thesis, only notifications made under Section 15 of the Oranga Tamariki Act 1989 were consid-

ered. These notifications, referred to as care and protection notifications, involve reports of concerns

related to the safety and well-being of children. By focusing exclusively on these notifications, the

analysis ensures consistency with the cohort criteria used throughout the thesis.

Throughout the analytical approaches in this paper, key time frames during the COVID-19 pandemic
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Table 8.1: Dataset indicators used in this study.

Theme Indicator Tables in IDI
Reports of concern -Number of unique care and protection notifications

received.
-Number of unique care and protection notifications
made by police.
-Number of unique care and protection notifications
made by school.
-Number of unique care and protection notifications
made by primary health organizations (e.g.,
hospital).

Intake event
Intake details

Assessments -Number of unique risk and safety assessments
conducted.
-Number of unique Investigations carried out.

Safety and Risk
Screen event
Investigation
event

Decision Outcomes -Number of children with an intake decision made
during the initial assessment phase.
-Number of children with substantiated findings of
maltreatment including emotional, physical, sexual
and neglect.
-Number of children with FGC or FWA
recommendation from social workers.

Intake details
Abuse event
Investigation
details

are referenced. These include the first lockdown (23-Mar-20 to 13-May-20), second lockdown (12-

Aug-20 to 30-Aug-20), third lockdown (28-Feb-21 to 6-Mar-21), fourth lockdown (18-Aug-21 to 02-

Dec-21), and the subsequent reopening phases: first reopening (14-May-20 to 11-Aug-20), second

reopening (31-Aug-20 to 27-Feb-21), and third reopening (07-Mar-21 to 17-Aug-21).

The data analysis is organized into three primary components: descriptive analysis, statistical tests,

and change point analysis. The descriptive analysis visualizes the data using time series charts,

which illustrate patterns of notifications received, assessment processes undertaken, and related

outcomes during the pandemic. Due to fluctuations in week-to-week data and the complexity of

interpreting these charts, statistical tests were employed to determine the presence of statistically

significant variations. Lastly, changepoint analysis was conducted to identify notable shifts across

2019, 2020, and 2021, taking into account school holidays. This comprehensive, multi-faceted ap-

proach provides a detailed exploration of the dynamics of child welfare indicators within the specified

pandemic time frames.



CHAPTER 8. MISCELLANEOUS TOPICS: ADDITIONAL ANALYSIS 192

8.2.3 Results

8.2.3.1 Descriptive Analysis

The initial analysis involved visualizing the data using time series charts, which illustrated how NZ’s

child welfare agency received notifications of care and protection concerns (reports of concern), con-

ducted assessments, and documented the resulting outcomes during the pandemic period. These

charts provided an overview of the fluctuations in reporting and response activities over time.

Notifications can be made through various channels, including calls, emails, in-person visits, fax,

or automated records, such as Police Family Violence referrals. These notifications originate from

a broad range of notifiers, including family members, community members, healthcare providers,

schools, and legal entities (Oranga Tamariki, 2023d). The visual representation of these patterns

allowed for a clear understanding of how the volume and nature of notifications, assessments, and

outcomes fluctuated during different phases of the pandemic.

Official statistics and data show that the majority of care and protection concerns are reported by

schools, police, and primary healthcare organizations over the years. Therefore, our initial investiga-

tion focused on assessing the impact of the pandemic on care and protection notifications, particularly

those originating from these key sources.

The time series for the weekly number of unique care and protection notifications from police, schools,

and primary health organizations, as well as notifications from all sources, is presented in a single

chart (Figure 8.1). Vertical red lines indicate the first day of each lockdown, while green lines mark

the first day of the corresponding reopening phases. Since the majority of notifications come from

schools, and notification volumes tend to decline during school holidays, the start and end dates of

these holidays are marked with vertical blue dashed lines in the charts. This provides a clearer inter-

pretation of any fluctuations in notification patterns, helping to distinguish changes influenced by the

academic calendar from other factors.

As shown in Figure 8.1, the lowest numbers of care and protection notifications are observed during

the first lockdown period. This is followed by an increase during the initial phase of reopening, with

another decline coinciding with school holidays. This pattern highlights a consistent trend throughout

the pandemic: a drop in notifications at the onset of each lockdown, followed by a period of stabi-

lization and subsequent increases as the reopening phases began. Moreover, a consistent pattern

of significant declines in care and protection notifications is evident when assessing the blue dashed

lines, which represent summer and school term breaks. This observation aligns with long-established
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Figure 8.1: Weekly count of unique care and protection notifications received from various sources, including
schools, police, primary health organizations, and all sources combined.

Note: The discontinuity in the time series for school notifications is a result of confidentiality requirements mandated by
Stats NZ, leading to the suppression of counts during certain weeks. These suppressed data points indicate exceptionally
low notification numbers for those specific weeks.

seasonal fluctuations, particularly those associated with school holiday periods (S. M. Brown et al.,

2022; Petrowski et al., 2021). These declines emphasize the critical role schools play as notifiers in

child protection systems, where the absence of regular school interactions during holidays can lead

to reduced reporting, underscoring the influence of both lockdown restrictions and school schedules

on the reporting of care and protection concerns.

To understand potential changes in the assessments conducted in relation to shifts in the number of

notifications during different phases of the COVID-19 pandemic, three key indicators were examined.

One indicator focuses on reports of concern (number of unique notifications for care and protection),

while the other two are related to assessments (the number of unique risk and safety assessments

and the number of unique investigations). Figure 8.2 provides a time series representation of these

indicators, allowing for a comparative analysis of how each was impacted by the pandemic and its as-

sociated lockdown and reopening phases. From Figure 8.2, the impact of the decline in the number

of care and protection notifications is not immediately observable in the same week but becomes no-

ticeable in the following weeks. The reason for this delayed effect might be linked to the specific time

frames associated with the assessments and investigations conducted in the child protection process

(Oranga Tamariki, 2023h). This delayed manifestation emphasizes the complexity and temporal in-

tricacies of the child protection system. It suggests that the consequences of changes in notification

patterns take time to unfold, highlighting the sustained nature of child protection efforts over time.
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Figure 8.2: Weekly count of care and protection notifications, safety and risk screening, and investigations
conducted from January 2020 to April 2022.

There are concerns that a decline in care and protection notifications may result in fewer intake

decisions being made, investigations being conducted, and subsequently fewer FGC or FWA recom-

mendations, as well as fewer substantiated maltreatment findings being recorded. To investigate this,

three indicators related to events from Table 5.1 were considered. These events, referred to as care

and protection-related events, have served as essential factors in defining the outcome variable used

in this thesis (Section 5.2.1).

Figure 8.3 shows a consistent pattern that mirrors Figure 8.1: a decline in the number of children at

the onset of each lockdown, followed by stabilization and increases during the reopening phases. A

child is assigned an intake outcome when they are either referred for investigation or directed to other

agencies for essential support services (Figure 8.1). This determination is made promptly during the

initial assessment following notification. Consequently, a decrease in the number of notifications can

directly impact the count of children with an intake outcome.

However, when examining children for whom social workers recommend a Family Group Conference

(FGC) or Family Whānau Agreement, the time series does not display a significant difference be-

tween lockdown periods and reopening phases. Therefore, further analysis is required to investigate

these changes in more detail.

An abuse finding event records a social worker’s assessment of whether a child has experienced

abuse. Since a child may have multiple abuse finding records, either due to multiple notifications

requiring investigation or because they experienced more than one type of abuse (e.g., physical and

emotional abuse) within the same period, this analysis considered the number of children with at
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Figure 8.3: Weekly count of unique children with adverse outcomes including intake, FGC or FWA recommen-
dations, and substantiated findings of maltreatment within January 2020 and April 2022.

least one type of maltreatment.

As depicted in Figure 8.3, the time series representing substantiated findings of maltreatment does

not exhibit a consistent pattern throughout the lockdown periods. A decrease in the number of chil-

dren with substantiated findings was observed only during the later weeks of the initial lockdown

phase. This could be attributed to the fact that substantiated findings are documented following in-

vestigations, which in some cases can take up to 10 days (Oranga Tamariki, 2023h).

The time series charts offer a descriptive analysis, highlighting distinct and varied patterns across

different phases of the COVID-19 pandemic in NZ. However, confidently interpreting these charts is

challenging due to fluctuations in the week-to-week data. Therefore, statistical tests were employed

to determine whether these variations were statistically significant.

8.2.3.2 Statistical Tests

To determine whether there were statistically significant variations in the variables under considera-

tion between the lockdown periods and re-opening phases, data from the four lockdown phases (27

weeks) and three re-opening phases (61 weeks) were grouped and compared. The statistical signif-

icance of observed trends and patterns in the time series was assessed using either the Wilcoxon

Rank-Sum test or the Welch two-sample t-test, depending on whether the assumptions of normality

and homogeneity of variance were met.
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Table 8.2: Median or mean weekly number of child protection indicators during lockdown and reopening periods
with statistical comparisons using Wilcoxon rank sum test and Welch t-test.

Lockdown Periods Re-opening Periods Test P-value
(n=27) (n=61)

Report of Concern
From All sources M=657 M=765 W=1249 0.0001203***
Schools M<70 M<120 W=1152 0.002996***
Police M=228 M=234 W=981.5 0.1541
Primary Health Organizations M=81 M=96 W=1268 0.0000583***
Assessment
Risk and Safety M=396 M=441 W=1161 0.002293***
Investigations µ=348.33 µ=371.46 t=1.2411 0.2226
Outcome
Intake M=690 M=807 W=1196 0.000762***
FGC or FWA µ=88.67 µ=91.57 t=0.46078 0.6476
Findings of Maltreatment M=258 M=276 W=960.5 0.2168

Note: Weekly median of notifications received from schools suppressed for data confidentiality requirements imposed by
Stats NZ.

The normality and homogeneity of variance were tested using the Shapiro-Wilk (Shapiro & Wilk,

1965) and Levene statistical tests, respectively (Schultz, 1985). The Welch t-test was used for ana-

lyzing variations in the number of investigations conducted and the number of children for whom FGC

or FWA were recommended. The Welch t-test is a more reliable adaptation of the t-test, especially

when the two samples have unequal variances or different sample sizes (Welch, 1947).

The Wilcoxon Rank-Sum test was deemed suitable for the remaining variables. This non-parametric

alternative to the independent two-sample t-test was chosen due to deviations from normality in sev-

eral cases, as the Wilcoxon test remains valid for data from any distribution and is less sensitive to

outliers compared to the two-sample t-test (Wilcoxon, 1992).

The Wilcoxon Rank-Sum test assesses differences in median values (M) between two groups, while

the Welch t-test examines differences in mean values (µ). Therefore, Table 8.2, representing the

results, includes mean values for indicators analyzed using the Welch t-test and median values for

those subjected to the Wilcoxon Rank-Sum test.

The analysis illustrated in Table 8.2 reveals a substantial difference in the weekly number of unique

care and protection notifications between lockdown periods (M=657) and re-opening periods (M=765),

and this difference is statistically significant (W=1249, p<0.05). Examining notifications by notifier
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type, notifications originating from schools and primary health organizations are significantly lower

during lockdown periods than re-opening periods (p<0.05) compared to notifications from the police.

As previously noted, the decrease in the number of notifications correlates with intake decisions (Sec-

tion 8.2.3.1). This pattern is consistently supported by statistical tests, which show that the number

of unique children with an intake outcome was significantly lower during lockdown periods (M = 690)

compared to re-opening periods (M = 807), W = 1196, p < 0.05. Importantly, there was no signifi-

cant difference in the number of investigations conducted or the number of unique children for whom

a social worker recommended a FGC or FWA. Similarly, no significant difference was found in the

number of unique children with substantiated findings of maltreatment between the combined lock-

down periods and the re-opening phases (p > 0.05). These findings align with the initial assumptions

drawn from the time series data analysis.

Prior studies conducted by S. M. Brown et al. (2022) and McTier and Soraghan (2022) highlight that

school closures hinder educational staff from effectively monitoring and observing their students. This

limitation has the potential to reduce the frequency of care and protection notifications recorded in

administrative data. Our findings align with these studies, as demonstrated in Figure 8.1, where con-

sistent and sudden declines in care and protection notifications are evident during all school holidays.

To ensure a more inclusive analysis and address this issue, we applied changepoint analysis, taking

into account the start and end dates of school holidays.

8.2.3.3 Changepoint Analysis

Changepoint analysis was conducted to identify significant differences between selected weeks out-

side of school holiday periods in 2019, 2020, and 2021. The weeks were selected using data from

the NZ Ministry of Education archive on school terms (Ministry of Education, 2023). While several

U.S. studies have applied changepoint analysis to administrative data to examine shifts in child pro-

tection referrals during the COVID-19 pandemic (S. M. Brown et al., 2022; Nunez et al., 2023), similar

research has not yet been conducted in NZ. This study addresses that gap by utilizing administrative

data to explore shifts in key indicators, as outlined in Table 8.1.

Detecting changepoints involves identifying the point at which a sequence of observations experi-

ences a significant change in its statistical properties (Killick & Eckley, 2014). The detection of a

single changepoint can be treated as a hypothesis test, using a likelihood-based approach. This

method, originally proposed by Hinkley (1970), was implemented using the changepoint package in
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R to evaluate whether a significant shift in the mean occurred before and during the two major lock-

downs in NZ (Killick et al., 2016).

The "at most one change" methodology was applied to each time series, testing the hypothesis that

a single significant shift in mean weekly counts was likely attributable to COVID-19 restrictions. It

was anticipated that the null hypothesis, indicating no changepoint during the specified period would

be rejected. The analysis specifically aimed to detect statistically significant changes in the mean

weekly counts of reports of concern, assessments conducted, and outcomes following the onset of

the lockdown periods.

To minimize the impact of seasonal fluctuations caused by school closures, week groupings for 2019,

2020, and 2021 were selected from periods that did not overlap with school breaks in NZ. The

changepoint analysis focused on two key lockdown periods: the "First Lockdown" and the "Fourth

Lockdown". The analysis was subsequently divided into two parts, each corresponding to one of

these lockdown phases.

Data for the first lockdown period were grouped into six full weeks prior to the arrival of COVID-19 in

NZ (early February to mid-March, referred to as “pre-First Lockdown weeks”) and four weeks during

the onset of COVID-19 and the resulting stay-at-home restrictions (mid-March to mid-April, referred

to as “First Lockdown weeks”). For baseline comparison, similar 6-week and 4-week groupings were

established for the year 2019. With respect to NZ fourth lockdown period, data were grouped into

four full weeks prior to the lockdown (late July to mid-August 2021, referred to as “pre-Last Lock-

down weeks”) and six weeks that included the lockdown phase (mid-August to mid-December 2021,

referred to as “Last Lockdown weeks”). Comparable 4-week and 6-week groupings were defined

for 2019 and 2020 as well. These groupings were selected to avoid periods influenced by school

closures and seasonal variations, which are known to affect the number of child protection concerns

(S. M. Brown et al., 2022). Table 8.3 and 8.4 presents the mean weekly counts for selected weeks

before and after the lockdown phases in NZ, along with corresponding weeks from previous years.
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Table 8.3: Weekly means of selected indicators before and during NZ’s first lockdown for selected weeks, with
the weekly mean of notifications received from schools during lockdown suppressed for confidentiality.

Pre-First Lockdown Weeks First Lockdown Weeks
Feb 05–Mar 18, 2019 Feb 05–Mar 17, 2020 Mar 19–Apr 15, 2019 Mar 18–Apr 14, 2020

(6 Weeks) (6 Weeks) (4 Weeks) (4 Weeks)
Total Notifications 5,154 5,124 3,498 2,244
Total R & S Assessments 2,580 2,643 2,046 1,584
Total Investigations 2,082 2,580 1,656 2,043

Weekly Mean (N) Weekly Mean (N) Weekly Mean (N) Weekly Mean (N)
Reports of Concern
All types 859 854 873 561
School 112 111 150 <50
Police 270 270 242 201
Health 106 105 133 80
Assessments
Risk & Safety 429 440 510 396
Investigations 346 381 413 434
Outcome
Intake 910 847 962 650
FGC/FWA 107 105 140 119
Maltreatment Findings 292 312 397 346

Note: Data confidentiality requirements imposed by Stats NZ. Additionally, all weekly mean values in the table are rounded
down to the nearest whole number.
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Table 8.4: Weekly means of selected indicators before and during NZ’s fourth lockdown for selected weeks, with the weekly mean of notifications received from schools
during lockdown suppressed for confidentiality.

Pre-Last Lockdown Last Lockdown
Jul 23–Aug 19, 2019 Jul 22–Aug 18, 2020 Jul 23–Aug 19, 2021 Aug 20–Sep 30, 2019 Aug 19–Sep 29, 2020 Aug 20–Sep 30, 2021

(4 wks) (4 wks) (4 wks) (6 wks) (6 wks) (6 wks)
Total Notifications 3,312 3,219 2,982 5,064 4,881 3,804
Total R & S Assessments 1,770 1,836 1,782 2,853 2,976 2,091
Total Investigations 1,572 1,524 1,509 2,265 2,328 1,938

Weekly Mean (N) Weekly Mean (N) Weekly Mean (N) Weekly Mean (N) Weekly Mean (N) Weekly Mean (N)
Reports of Concern
All types 828 804 744 844 814 634
School 123 129 103 153 137 61
Police 257 246 240 258 236 223
Health 113 102 91 104 99 83
Assessment
Risk & Safety 442 459 446 475 495 348.5
Investigations 392 381 377 378 388 323
Outcome
Intake 789 858 780 964 911 677
FGC or FWA 96 93 82 95 103 74
Maltreatment Findings 292 272 247 279 288 235

Note: Data confidentiality requirements imposed by Stats NZ. Additionally, all weekly mean values in the table are rounded down to the nearest whole number.
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First Lockdown Analysis

During the first six selected weeks of 2019, total care and protection notifications amounted to ap-

proximately 5,154, compared to 5,124 in the same period of 2020, showing a high level of consistency

(Table 8.3). However, following the introduction of COVID-19 restrictions, notifications dropped signif-

icantly from 3,498 in mid-March to mid-April 2019 to 2,244 in the same period of 2020, representing

a substantial 36% decrease. This drop was most pronounced among notifications from schools and

primary health organizations. While risk and safety assessments decreased by around 23%, the

number of investigations completed increased by 19%.

The results of the changepoint analysis for the first lockdown are depicted in Figure 8.4, where the

points of change are marked by vertical dashed lines. The analysis rejected the null hypothesis,

which assumed no significant changepoint in the mean weekly care and protection notification counts

between weeks 7 and 10. Instead, a statistically significant changepoint was detected at week 7, co-

inciding with the start of NZ’s first lockdown in 2020. This shift in the mean for 2020 is represented

by the red horizontal line segments in Figure 8.4. For comparison, the changepoint analysis for the

same period in 2019 (weeks 1 to 10) is also included. However, no changepoint was identified at

week 7 in 2019, reinforcing the conclusion that the changepoint in 2020 is likely related to the first

COVID-19 lockdown restrictions in NZ.

Furthermore, the analysis identified a statistically significant decline in mean weekly intake decisions

and risk and safety assessments at week 9 in 2020. This decrease, similar to the drop in notifications,

aligns with NZ’s stay-at-home restrictions during weeks 7 to 10. However, no significant changepoint

was detected in the weekly counts of investigations, children for whom social workers recommended

a Family Group Conference FGC or FWA, or in substantiated findings of maltreatment during the first

lockdown period and the selected weeks.
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Figure 8.4: Identified changepoints in weekly care and protection, Risk and Safety assessments, investigations,
Intake decisions, Recommendations for FGC or FWA as well as substantiated findings of maltreatment for 2019
versus 2020.



CHAPTER 8. MISCELLANEOUS TOPICS: ADDITIONAL ANALYSIS 203

Fourth Lockdown Analysis

The total number of care and protection notifications during the first four selected weeks of 2019 was

approximately 3,312, compared to 3,219 in 2020 and 2,982 in 2021 (Table 8.4). While these numbers

show a gradual decline over the three years, the reductions were not statistically significant, with a

roughly 3% decrease from 2019 to 2020, and a 7% decrease from 2020 to 2021. However, following

the COVID-19 restrictions associated with NZ’s fourth lockdown, a more substantial drop in notifica-

tions occurred. Between mid-August and late September, notifications decreased by approximately

25% compared to 2019 (from 5,064 to 3,804) and by 22% compared to 2020 (from 4,881 to 3,804).

Similarly, the number of risk and safety assessments conducted, as well as investigations carried out,

showed declines relative to both 2019 and 2020.

The changepoint analysis identified a statistically significant decline in the mean weekly care and

protection notifications at week 3 of 2021, which occurred two weeks prior to the start of the fourth

lockdown (Figure 8.5). Although this does not coincide with the official commencement of the fourth

lockdown (week 5), it is evident that the mean weekly count was lower in 2021 than in 2019 and

2020. Changepoints were also identified at week 4 for risk and safety assessments, as well as for

unique children receiving intake decisions. Additional changepoints were observed at week 6 during

the lockdown phase for completed investigations and substantiated findings of maltreatment.

Although these results may not fully align with the changepoint analysis from the first lockdown, Figure

8.5 illustrates a consistent decline in the weekly counts of all considered indicators when compared

to 2019 and 2020. To gain a clearer understanding of the changes across these years, time series

analyses were conducted for the indicators associated with care and protection events, as outlined in

Table 5.1. These indicators were used to define the outcome variable in this thesis. The time series

comparisons for 2019, 2020, and 2021 are presented, with the weeks corresponding to the two major

lockdown periods in 2020 and 2021 marked by vertical lines (Figure 8.6).

Figure 8.6 shows that the weekly count of unique children with intake decisions was generally higher

in 2019 compared to the early days of the lockdown periods. While the counts in 2020 more closely

align with the 2019 pattern, a more pronounced disparity is evident between 2019 and 2021. A

two-sample t-test found no statistically significant difference between 2019 and 2020 (t=1.8557,

p=0.06638). However, significant differences were observed between 2019 and 2021, as well as

between 2020 and 2021 (p<0.05), with the lowest counts recorded in 2021.

Regarding FGC or FWA recommendations, although the weekly count was higher in some weeks,
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it did not show a significant increase during the 2020 lockdown period. Statistical testing revealed

no significant difference between 2019 and 2020 (t=0.53206, p=0.5958). However, as with intake

decisions, significant differences were found between 2021 and both 2019 and 2020 (p<0.05).

A similar pattern was observed for substantiated findings of maltreatment. While no statistically sig-

nificant difference was found between 2019 and 2020, a significant decline was identified in 2021

compared to both 2019 and 2020. Overall, the administrative data indicate that the lowest records for

all key indicators were observed in 2021.
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Figure 8.5: Identified changepoints in weekly care and protection notifications, risk and safety assessments,
investigations, intake decisions, recommendations for FGC or FWA as well as substantiated findings of mal-
treatment for 2019 versus 2020 and 2021.
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Figure 8.6: Identified changepoints in weekly care and protection notifications, risk and safety assessments,
investigations, intake decisions, recommendations for FGC or FWA as well as substantiated findings of mal-
treatment for the years 2019, 2020, and 2021.
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8.2.4 Discussion and Conclusion

This analysis explored the impact of the COVID-19 pandemic on interactions between child protective

services and the public during different phases of the outbreak in NZ, using data from the Stats NZ

IDI database, specifically the CYF records. The primary aim was to assess changes in intake deci-

sions following reports of concern, FGC or FWA recommendations, and substantiated maltreatment

findings. These records are crucial in defining the outcome variables used for training the predictive

risk models discussed in Section 5.2.

A longitudinal approach was employed, examining data from January 2020 to April 2022 to cap-

ture shifts in care and protection notifications, assessments, and outcome records throughout the

pandemic. For comparative purposes, data from January to December 2019 was also analyzed to

establish pre-pandemic baselines.

The initial analysis revealed a consistent global trend; a reduction in reports of concern and notifi-

cations as well as intake decisions during lockdown phases, which align with findings from various

jurisdictions (S. M. Brown et al., 2022; I. Katz et al., 2021; McTier & Soraghan, 2022). Factors such

as stay-at-home restrictions, disrupted services, and limited access to schools have been identified

as key contributors to this initial decrease, as reports typically received through schools and primary

health organizations were significantly affected.

Child welfare experts globally have raised concerns that the decrease in reports may not reflect a true

reduction in the prevalence of abuse and neglect, but rather a decline in its visibility (Robson, 2020).

This discrepancy between visibility and prevalence highlights the complexities in interpreting child

maltreatment data during a pandemic, as societal dynamics, reporting mechanisms, and protective

factors undergo significant shifts. This issue raised concerns that a reduction in notifications could

affect the definition of the adverse outcomes that child maltreatment predictive risk models aim to

predict. The more nuanced impact becomes evident when considering the potential consequences

of this decline in reporting on the responses of child protection agencies.

From this analysis, the impact of the decline in care and protection notifications on investigations,

as visualized through time-series charts, was not immediately apparent in the same week as lock-

down onsets but became noticeable in subsequent weeks. The reason for this delayed effect might

be linked to the specific time frames associated with the investigations conducted in the child pro-

tection process (Oranga Tamariki, 2023h). This delayed effect may be attributed to the specific

time frames required for completing assessments and investigations in the child protection process
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(Oranga Tamariki, 2023h). These findings suggest that shifts in notification patterns take time to in-

fluence assessment outcomes, underscoring the sustained nature of child protection efforts. When

combining the lockdown and reopening phases and applying statistical tests, no significant differ-

ences were observed in the record of investigations conducted by child protective services during

the pandemic as well as substantiated findings of maltreatment. Similarly, no significant differences

were found in the number of FGC or FWA recommendations by social workers as these outcomes

are dependent on the results of investigations.

Changepoint analysis was employed as an additional method to examine significant shifts, taking

school holidays into account to control for seasonal fluctuations caused by school closures. This ap-

proach has proven valuable in analyzing variations in child protection indicators during the COVID-19

pandemic (S. M. Brown et al., 2022; Nunez et al., 2023). Changepoint analysis enables the detec-

tion of significant changes in mean values, providing insights into the effects of key events, such as

lockdowns, on care and protection notifications, assessments, and outcomes. One limitation of this

analysis was the restricted number of weeks that could be included. Given the length of school terms

in NZ, which range from 9 to 11 weeks, it was not feasible to include additional weeks without violat-

ing the predefined criteria. 8.2.3.3. Consequently, the analysis was conducted on carefully selected

time frames to ensure consistency and reliability in detecting changepoints across the two distinct

lockdown phases.

The changepoint analysis of the first COVID-19 lockdown revealed a statistically significant shift at

week 7, coinciding with the commencement of the first stay at home restrictions (Figure 8.4). Ad-

ditionally, a significant drop in mean weekly intake decisions and risk and safety assessments was

identified at week 9 of 2020, aligning with the stay-at-home restriction period (Weeks 7 to 10). How-

ever, no significant changepoints were detected for the weekly count of investigations, recommenda-

tions for Family Group Conferences (FGC) or Family Whānau Agreements (FWA), or substantiated

findings of maltreatment during this phase.

Examining the last lockdown phase, the changepoint analysis identified a statistically significant de-

cline in the mean weekly care and protection notifications at week 3 of year 2021. This drop occurred

two weeks before NZ Last COVID-19 lockdown phase. Although this does not align with the week

of the fourth lockdown’s onset (Week 5), it’s apparent that the mean weekly count has overally de-

creased compared to 2019 and 2020. Changepoints were identified at week 4 for the weekly count

of risk and safety assessments, as well as unique children with intake decisions. Change points for

weekly count of completed investigations, unique children with FGC/FWA, and substantiated findings
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of maltreatment was found at the weeks following the last lockdown phase in NZ. While these results

may not be entirely consistent with the results from statistical tests and changepoint analysis applied

to the first lockdown, a decline in the weekly count of all considered indicators was observed when

compared to 2019 and 2020.

Several factors may explain this decline. One potential reason is the extended duration of COVID-19

restrictions in 2021, which may have affected reporting mechanisms, access to services, and the

overall dynamics of child protection. Additionally, changes in child welfare policies or practices im-

plemented by the NZ child welfare agency in 2021 could have influenced the recorded indicators.

Modifications in reporting protocols, assessment criteria, or intervention strategies may have con-

tributed to shifts in how cases were identified, assessed, and documented.

Given the potential influence of these policy changes or shifts in practice, further investigation into

the NZ child welfare agency’s policies during 2021 is crucial for future research. However, such an

investigation is beyond the scope of this thesis.

Considering a longer time span for defining the outcome variable could be an effective approach to

account for these shifts, especially when training predictive models. For instance, using a cohort of

children referred in 2017 would likely be less affected by the fluctuations seen in 2021, as the longer

time frame smooths out short-term disruptions. By employing a longer time frame, the model can bet-

ter capture stable patterns in child protection indicators, mitigating the impact of transient changes,

such as those caused by the pandemic. This approach enhances the robustness of predictive risk

models, ensuring they remain reliable even in the face of significant societal or policy shifts.
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8.3 Enhancing Predictive Risk Models with Clustering Methods

8.3.1 Introduction

Making decisions that affect children’s lives is often a critical task and that predicting a child future

risk of maltreatment at the time of notification is complicated. A predictive risk model is subject to

errors and consequently may incorrectly identify as low risk some children who go on to experience

abuse or neglect (FN) as well as identify as high-risk some children who do not (FP) (de Haan &

Connolly, 2014). Clearly, these two types of errors may result in different harms: a FP may result in

an unnecessary intervention or even the separation of a family. At the same time, a FN could lead

the agency to fail to intervene when it should have . In child welfare, both classification errors are

of concern. FNs can be dangerous to the child, while FPs can result in poor targeting of agency

resources (Blank et al., 2015; Dare, 2013). Therefore, careful attention must be paid to the accuracy

of these models.

This study is motivated by the need for further research on improving the accuracy of predictive risk

models developed for potential use within the NZ child welfare system. Due to confidentiality obliga-

tions, we were unable to obtain access to the data used in the NZ government-commissioned project

(Rea & Erasmus, 2017). As a result, we created our own research dataset mostly based on those

described in (Rea & Erasmus, 2017). More details on the data creation process are provided in Sec-

tion 8.3.2.1.

For the purpose of enhancing the accuracy of these models, we investigate the possibility of using

Clustering Analysis (CA) methods as an early step in the development of predictive risk models for

use within the child protection agency’s intake decision-making. By using CA methods we expect

children to be assigned to groups (clusters) so that children within each group are like one another.

In contrast to the classification problem where each observation belongs to one of several groups,

and the aim is to predict the group to which an observation belongs, CA seeks to discover the number

and composition of the groups by identifying discrete, potentially hidden, groups of children. As part

of our approach, we analyze the inner structure of these clusters to identify certain characteristics

of children that may have a substantial impact on the error rate of these models and so be able to

determine whether these errors can be reduced by training separate models for these subgroups of

children.

The specific objectives are 1) to create a research dataset including the outcome variable and pre-

dictor variables, 2) to explore the existence of differing clusters within children reported with care
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and protection concerns, 3) to assess the performance of predictive models such as LASSO logistic

regression on each subgroup of children (clusters) and, 4) to determine whether separate models

must be developed for children with specific features to attain better results.

8.3.2 Methods

8.3.2.1 Data

This study relied on a unique dataset that we constructed by record linkage between CYF data, Ben-

efit Dynamics data, Personal details data as well as the 2018 Census records. For more details on

these data please refer back to Section 4.3 of this thesis.

Starting with intake records from CYF data, our research dataset included 82,338 notifications involv-

ing 55,287 unique children and young people. For inclusion, the notification must have been made

between 1 January 2019 and 31 December 2019 and under Section 15 of Oranga Tamariki Act 1989.

Since some children are reported more than once during the year or in their lifetime, their initial care

and protection notification in 2019 were considered for analysis. Children involved in these notifica-

tions were then linked to their records from Benefit Dynamics Data, the 2018 Census data and the

Stats NZ demographic records (Personal Details data) to define the outcome variable and predictor

variables. A more detailed explanation of the linking process is displayed in Figure 8.7.

Outcome Variable The outcome variable was defined based on events from Table 8.5. Our model

intends to predict, for each report of concern, the probability that one or more of the events in Table

8.5 would take place within the next two years.

To form the outcome variable, subsequent events within the next two years were identified for the

population of children and young people under analysis. The outcome variable reflected their status

as to whether they have experienced at least one of the events from Table 8.5 within two years of

their initial notification in 2019.

To allow for two years of records’ follow up, we considered unique children and young people who

were under 16 years of age at the time of notification in our analysis. The reason is that child

protection datasets often contain records for children and young people under 18 years of age. As

a result, the final dataset included observations involving 55,287 unique children and young people

under the age of 16. From the children and young people notified in 2019, 48 percent were found

to have experienced at least one of the events mentioned above within two years indicating that the

data is balanced.
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Figure 8.7: The process of data linkage and research dataset development.

Table 8.5: Care and protection-related events used to define the outcome variable (estimated care and protec-
tion concern).

Event 1 A substantiated finding of maltreatment including physical, sexual, emotional
abuse, or neglect.

Event 2 A site social worker recommending a FGC or developing a FWA.
Event 3 The child or young person being the subject to a further notification which will be

assessed as an intake.

8.3.2.2 Predictor Variables

The predictor variables were classified into four main groups such as child predictors, caregiver

(mother) predictors, family predictors and others. These variables were created using the records

available in the datasets we had access to through IDI and based on the risk factors of abuse and

maltreatment identified in literate and academic studies, mainly the ones described in (Rea & Eras-

mus, 2017). These variables and their descriptions are represented in Tables C.1-C.4 of Appendix

C.

8.3.2.3 Handling Missing Data

For training the predictive model for the total population, the missing values for the mother’s age was

imputed by the mean. However, the missing age for observations within each cluster was imputed



CHAPTER 8. MISCELLANEOUS TOPICS: ADDITIONAL ANALYSIS 213

Table 8.6: Numerical predictor variables used for clustering analysis (SD stands for standard deviation).

Numerical Variable (n=55,287) Mean SD
Child age at the time of notification 7.20 4.68
Number of previous care and protection notifications 3.22 4.31
Number of days since last intake 609.10 917.01
Number of substantiated findings of maltreatment 1.15 2.27
Mother’s age at the time of notification 33.70 7.48
Number of other children reported at the same time 1.76 1.55
Number of previous notifications for the children reported at the
same time

7.46 13.16

based on the mean age of mothers within that cluster. To deal with the missing values for the cate-

gorical variables (e.g.,gender, Ethnic group, Deprivation Index, etc.), an additional category indicating

the missing value was created (e.g. unknown). More information regarding the categories included

in these variables can be found in Tables C.1-C.4 of the Appendix C.

8.3.3 Clustering Analysis

Clustering is an unsupervised machine learning technique used for grouping data into clusters based

on their similarity. In CA process, observations are grouped according to their homogeneity and

distinctiveness, regardless of the correlation structure of the predictors (Tryfos, 1998). In practice,

it is generally challenging to determine whether clusters are an indication of phenotypic grouping,

or if they are simply the result of dependency between variables. Machine learning-wise, we aim

to identify reliable clusters of children reported with care and protection concerns using numerical

predictor variables presented in Table 8.6 and then assess our predictive risk models trained on

these clusters.

8.3.3.1 K-Means Clustering and Principal Component Analysis

The K-Means clustering algorithm is a partition-based CA approach where ‘K’ observations are se-

lected as initial cluster centers. Each observation is then assigned to its nearest cluster based on

its Euclidean distance to each cluster center. Afterward, all cluster averages are updated, and the

process is repeated until a convergence of the criterion function has been achieved (Vora, Oza, et

al., 2013). The K-Means algorithm clusters large datasets into a specified number of clusters (K)

by minimizing the squared error function. Therefore, some data may be misclassified as a result of

outliers (Prabhu & Anbazhagan, 2011). Principal Component Analysis (PCA) has been proven to be

a continuous solution to the cluster membership indicators for K-Means clustering (Ding & He, 2004a,
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2004b).

PCA is a widely used statistical approach adopted as an effective method for unsupervised dimension

reduction by extracting relevant information from datasets (Joliffe & Morgan, 1992). It also facilitates

the discovery of hidden relationships and improve data visualization, detection of outliers, and clas-

sification within the newly defined dimensions (Prabhu & Anbazhagan, 2011). ding2004principal

showed that the continuous solutions of the discrete K-Means clustering membership indicators are

the data projections on the principal directions which are the principal eigenvectors of the covariance

matrix. PCA reduces the dataset to a lower dimension, while ensuring that the least information is

lost, and provides a better centroid point for clustering (Zhu et al., 2019).

8.3.3.2 Results

In this study, PCA was applied before K-Means clustering was performed. As PCA generates a

feature subspace that maximizes the variance along the axes, the dataset was first standardized

onto a unique scale with a Mean of 0 and a Variance of 1. Scaling improves the results produced by

PCA which is a requirement for the optimal performance of many machine learning algorithms. Based

on the output produced from PCA, and the eigenvalue criterion (Boehmke & Greenwell, 2019), three

principal components were selected. After the selection of principal components using this criterion,

the components were passed for K-Means clustering.

The initial step in the application of K-Means clustering algorithm involves the identification of an

optimal number of clusters (K). For this purpose, the elbow method was used. Basically, the K-

Means clustering algorithm is applied multiple times with different K values, and the within cluster

sum of squares is calculated and plotted for each K value (Figure 8.8). On the elbow plot, the optimal

number of clusters is defined as the point beyond which there is only a minor reduction in within-

cluster variability. This is visually represented as the bend of the elbow. According to our elbow

plot (Figure 8.8), the optimal number of clusters (group of children and young people) should be

4. Consequently, K-Means clustering algorithm (K=4) was applied on the three selected principal

components as input. Figure 8.9 Visualizes the clusters identified by applying K-Means clustering via

PCA with principal components (PC1-PC3) on the axes.

After completing the CA process and assigning each child to a cluster, we divided the children into

four groups (datasets) based on their cluster membership. As a next step, separate models were

trained for the total population and each subgroup of children. We describe the modelling process

and the results from assessing the performance of trained models in the following section.
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Figure 8.8: Elbow plot to select the optimal number of clusters.

Figure 8.9: K-Means clusters (4) derived from PCA.

8.3.4 Modelling

Children and young people notified in 2019, and the datasets created based on their cluster member-

ship were randomly split into a training dataset containing 70 percent of records and a testing dataset

containing the remaining 30 percent. A training dataset was used to develop a model, and a testing

dataset to assess how well the model can correctly identify children who will be subject to care and

protection concerns within the next two years. As the main method of modelling in this study, we

used LASSO logistic regression.

8.3.4.1 LASSO Logistic Regression

Logistic regression is a supervised learning classification algorithm used to predict the probability of

an outcome variable based on predictor variables. Due to its simplicity and easy interpretation, this

statistical modelling algorithm has been widely used in several fields, including biological sciences,

social sciences, and machine learning (G. James et al., 2013).
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Table 8.7: Performance results for models under analysis.

Model AUC TPR1 TNR2

Entire population 0.68 0.64 0.63
Cluster 1 0.70 0.63 0.66
Cluster 2 0.63 0.62 0.60
Cluster 3 0.63 0.57 0.61
Cluster 4 0.68 0.66 0.62

In its simple form, logistic regression utilizes weights for all predictors despite their significance and

the potential for model overfitting. By contrast, the LASSO regularized form of logistic regression

effectively selects only the most important predictor variables by shrinking the regression coefficients

with the least important predictor variables to zero while minimizing prediction error, given the sum

of the absolute value of the weights is less than a constant. Thus, it is capable of both predictor

selection and regularization, which results in more easily interpretable and more accurate models

(Tibshirani, 1996).

In addition to these advantages, there were other reasons why we chose LASSO as our method for

training models. As a first point, although logistic regression was selected as the most appropriate

model in previous NZ studies (Rea & Erasmus, 2017; Vaithianathan et al., 2013; Wilson et al., 2015),

and version 1 of the AFST, (Vaithianathan et al., 2017), however LASSO regularized form of logistic

regression has not been tested for the NZ population. Furthermore, in most recent US studies,

LASSO was selected as the best model based on its overall performance and accuracy for the specific

high-risk groups in addition to equivalent level of accuracy for black children versus non-black children

(Vaithianathan, Dinh, et al., 2019; Vaithianathan, Kulick, et al., 2019). Upon this approach we will be

able to compare the results in terms of accuracy with the state-of-the-art approaches in child welfare

settings. The LASSO model was implemented with the R package named glmnet (Friedman et al.,

2021). In the model training process, the constant – often symbolized as lambda – was optimized

using 10-fold cross validation approach.

8.3.4.2 Model Performance Assessment

A number of test set classification metrics are provided in Table 8.7 for the LASSO models trained

for the entire population of unique children and young people notified in 2019 and their four clus-

ters. AUC was used to evaluate the performance of LASSO when predicting outcomes using the test

datasets. The ROC curves for LASSO applied to four clusters of children are shown in Figure 8.10.
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Figure 8.10: The ROC curves for LASSO Logistic Regression applied to four clusters of children.

The reason for considering AUC to measure the performance of these models is that child protection

systems are often interested in developing a predictive tool that can supplement and standardize

clinical decisions through a risk score or a summary statistics weighting information from the ad-

ministrative data (Vaithianathan et al., 2017). A tool which allows for the use of empirically derived

scores in combination with clinical judgement and other sources of data that are not instantly avail-

able to generate a screening decision. In this context, the AUC is a useful statistic for assessing the

goodness of fit or prediction accuracy. There are various interpretations of AUC, but the one that

is particularly useful in this context is that it can be understood as the probability that a randomly

selected child that is a true positive (i.e., has had a care and protection concern) has a higher risk

score than a randomly selected child that is a true negative (i.e., has not been the subject of a care

and protection concern within 2 years).

8.3.4.3 Results

According to the AUC measures in Table 8.7 and the ROC curves shown in Figure 8.10, LASSO

appears to perform slightly better for group of children in cluster 1 than other clusters (0.70), whereas

its performance is the poorest for group of children in cluster 2 and cluster 3 (0.63). The AUC mea-

sures also indicate that the models generated for group of children in cluster 1 and cluster 4 perform

very closely. True positive rate (TPR), however, is higher by 3 percent for cluster 4 (0.66), and True

Negative Rate (TNR) is higher by 4 percent for cluster 1 (0.66). It is unclear why models trained on
7True Positive Rate (TPR) is the fraction of positive cases correctly predicted to be in the positive class out of all actual

positive cases, TP/(TP+FN).
8True Negative Rate (TNR) is the fraction of negative cases correctly predicted to be in the negative class out of all

actual negative cases, TN/(TN+FP).
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Figure 8.11: Distribution of numerical variables in four clusters.

subgroups of children in cluster 1 and 4 have slightly lower error rate. However, one way to investi-

gate this was to examine the characteristics of children within each cluster by analyzing descriptive

statistics of the variables.

The baseline characteristics for four clusters are described using standard descriptive statistics for

the seven numerical variables used in the cluster analysis (Table 8.8). In addition to Table 8.8, Figure

8.11 provide a better representation of cluster characteristics based on these 7 numerical variables.
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Table 8.8: Descriptive statistics for four clusters (data in the table are Means ± SD).

Variables3 Cluster1 Cluster2 Cluster3 Cluster4
(n=23,658) (n=5,544) (n=17,901) (n=8,187)

Var1 3.44 ± 2.94 10.78 ± 2.96 11.18 ± 2.86 6.92 ± 3.85
Var2 1.11 ± 1.75 12.50 ± 5.02 2.81 ± 2.89 3.91 ± 3.03
Var3 193.90 ± 397.11 979 ± 805.02 1050 ± 1233.32 594.10 ± 665.15
Var4 0.30 ± 0.84 6.21 ± 3.38 0.70 ± 1.17 1.15 ± 1.47
Var5 28.41 ± 5.29 35.47 ± 6.12 39.47 ± 6.49 34.10 ± 4.91
Var6 1.25 ± 1.04 2.14 ± 1.56 1.24 ± 1.08 4.11 ± 1.36
Var7 2.31 ± 3.83 22.56 ± 20.85 2.96 ± 4.23 21.96 ± 17.58

Table 8.9: Performance results for models developed based on children age group.

Age group AUC TPR TNR
Newborn 0.71 0.67 0.64
Newborn to Five 0.70 0.66 0.62
Newborn to Ten 0.68 0.66 0.61
Newborn to 15 0.68 0.64 0.63
Six to Ten 0.68 0.63 0.63
Eleven to Fifteen 0.67 0.60 0.64

Based on a comparison of the means within each cluster (Table 8.8), and the distribution of numerical

variables illustrated by Figure 8.11, it appears that the means are lower for children in cluster 1.

Specifically, the average age is lower for group of children in cluster 1 and cluster 4 with a higher AUC.

As a result, there is a possibility that models will perform differently for young children as opposed to

older children. To investigate this further, we categorized the children under 16 years of age notified

in 2019 into different age groups and trained the Lasso models separately on each group. Several

test set classification metrics are provided in Table 8.9.

Although the results did not demonstrate a significant difference in AUC for different age groups,

the models did perform slightly better for children under the age of 5, and especially for new-born

children, TPR and TNR appeared to be the highest (Table 8.9).

8.4 Discussion and Future Work

This study was conducted based on the data from 55,287 unique children and young people aged

under 16 who were reported to the NZ child protective services in 2019. During the predictive risk

9Var1:= Child age at the time of notification ; Var2:=Number of previous care and protection notifications; Var3:=Number
of days since last intake; Var4:= Number of substantiated findings of maltreatment; Var5:= Mother’s age at the time of
notification; Var6:=Number of Other children reported at the same time; Var7:= Number of previous notifications for the
children reported at the same time.
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modeling process using our developed research dataset, the LASSO algorithm trained on the entire

population didn’t perform as expected to produce a model to the desired predictive ability. While this

may have been a consequence of the limited number of predictors, but we examined whether cer-

tain characteristics of children and young people were also influencing its performance. This paper

presented our initial findings of our investigation on the identification of such features through CA

techniques, as well as their potential effect on risk-modelling.

In a novel approach not previously considered in other studies from NZ, we utilized K-Means clus-

tering via PCA to identify subgroups (clusters) of children based on observations of the numerical

variables presented in Table 8.6. As well as being an effective method for reducing dimensions and

extracting relevant data from datasets without supervision, PCA has been shown to facilitate the

discovery of hidden relationships, improve data visualization, and detect outliers, resulting in more

effective K-Means clustering (Ding & He, 2004a, 2004b; Prabhu & Anbazhagan, 2011). From the

CA via PCA, children were divided into four groups and separate models were trained using LASSO.

Results from CA and predictive modeling process revealed no significant differences in their perfor-

mance (Table 8.7).

Two models, however, performed slightly better (Cluster 1 and Cluster 4) including younger children

only (see Table 8.7 and Table 8.8). This is further evidence that our research dataset may not cap-

ture all potential risk factors for older children or generally predictive models are more accurate when

developed for children under the age of five (Table 8.9). These assumptions are consistent with

(Palusci, 2011) who examined risk factors for child maltreatment among US children. Infants and

young children in the child welfare system were found to have different risk factors and are provided

with different services than older children. Results from our study strongly suggest that age is a cru-

cial factor for predicting child maltreatment and we are currently investigating this matter.

Generally, the predictive risk models trained in this study did show a slightly lower-than-standard

predictive power and we could not find a significant difference in performance between the models

trained for each cluster. However, our results can help identify potential factors to consider in future

stages. Given that our research dataset may not capture all potential risk factors or predictors for

older children, further research is required to determine whether the addition of new predictors will

contribute to accuracy improvements of the models and reduction of the error rates (see Table 8.7).

Consider, for example, the dataset created here included variables related to the mother (see Ap-

pendix), but similar variables could be generated for the father as well. Furthermore, it is possible

to create new predictors by combining data from other organizations. Records from the Department
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of Corrections available in the Stats NZ IDI database may also be extracted to verify whether a child

lives with and adults who has recently been released from prison for an offence related to family vio-

lence. A further source of predictors is data provided by the Ministry of Health concerning addictions

and mental health records of caregivers of children. Considering that these characteristics are iden-

tified as risk factors for child maltreatment (A. Austin, 2016; Ayers et al., 2019; Lopes et al., 2021),

incorporating predictor variables that reflect these factors might enhance the accuracy of models that

are developed for predicting child maltreatment.

Furthermore, our results on younger children, involving more accurate models, shed light on the im-

portance of such age group in this analysis and can be used by child protection systems in other

situations. In this work we investigate the modeling framework for potential use when notification

is received by NZ child protective services and for children and young people under the age of 16.

But, there are other potential situations in which a predictive risk model can be utilized, including pre

or immediately after the childbirth. Moreover, using the model pre or post childbirth help to identify

children who are at risk and provide high risk families with appropriate services in advance. For such

models we will need to add live events data and maternity data available in Stats NZ IDI database.

Maternity data helps gain information about the baby’s condition at birth and mother’s condition be-

fore and after giving birth to the child. Life event data is about life events relating to births, deaths,

marriages, and civil unions registered in NZ.

Aside from the absence of certain predictors, there are other factors that may affect the performance

of predictive risk models. Training models on biased data is one of them. Crucially, the source of

any predictive model is the data on which the algorithm is trained. Any source of error will be trans-

lated into the output of the model (Barocas & Selbst, 2016). In particular, an error that changes an

important factor about a child will reduce the accuracy of the model for that child (Glaberson, 2019).

In the context of child welfare predictive tools, there are reasons to be concerned about the level

of error present in the data being fed into the algorithm (Glaberson, 2019; Rea & Erasmus, 2017).

The data used to develop such predictive models are often extracted from the child welfare agency’s

database systems and are linked to data collected by other government agencies. Data from govern-

ment administrative systems is entered, initially, by human and therefore is subject to human error.

For instance, names, addresses, or other vital information may be incorrect, information from one

individual may be incorrectly linked to another, old and outdated information may persist, or informa-

tion may be missing altogether (Glaberson, 2019; Rea & Erasmus, 2017). Feasibility studies and

ethical reviews on the use of these models suggest that although the linkage of administrative data to
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support predictive risk modeling is feasible, but the linkage is subject to error and a system for review

would be needed in any implementation (Ministry of Social Development, 2014). This work, on the

other hand, rely upon Stats NZ’s data quality and have used identifiers created by Stats NZ for data

linking.

Moreover, an important ethical concern has been whether predictive analytics methods will worsen

existing racial disparities in child protection systems. In particular, past studies suggest that the pres-

ence of persistent racial bias reflected in administrative data have the potential to increase error rates

and might lead to discrimination or unfairness against a certain group of people (Cuccaro-Alamin

et al., 2017). This is an important factor that needs to be addressed during the process of devel-

oping predictive risk models. Specifically in the NZ child welfare system, the over-representation

of Indigenous people of NZ (Māori) or other low socioeconomic status groups in the child welfare

systems might be intensified by predictive risk models. If the data exaggerates risk, then its use in

decision-making has the potential to feed a cycle of bias that leads to different population groups

(such as Māori) being disadvantaged or discriminated against (Rea & Erasmus, 2017). Further work

will be required to explore these findings and make sure the model can identify the risk as accurately

as possible and does not unintentionally add to an over-representation of Māori within the NZ child

welfare system.



Chapter 9

Ethical Considerations

9.1 Introduction

This chapter addresses the ethical considerations associated with our research on predictive risk

modeling in the child welfare context. The Auckland University of Technology Ethics Committee

(AUTEC) initially raised several concerns regarding this research. To address these concerns, we

undertook a series of actions to satisfy AUTEC’s requirements, culminating in full ethical approval

granted on March 21, 2021.

9.2 Reconsidering the title of this research

Based on advice from an advisor at Oranga Tamariki, we changed the title of our research from

"Non-discriminatory Predictive Risk Modeling in the child welfare context" to “Potential Unfairness

Associated with the Development of Predictive Risk Models in the NZ Child Welfare Context.” This

decision was made with careful consideration of the ethical implications and to more accurately re-

flect the scope of our research.

This change was deemed appropriate because, although our research made significant efforts to

mitigate unfairness, achieving full fairness while maintaining model accuracy is challenging. The new

title better captures the investigative nature of our study, which aims to explore potential discrimina-

tion or unfairness in the process of developing predictive risk models.

Our completed research revealed that the predictive models developed had higher False Positive

Rates (FPR) for Māori children compared to children from other ethnic groups. This finding under-

scores the importance of our title change, as it highlights the potential for discrimination and the need

223
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for ongoing efforts to address these disparities in predictive modeling.

9.3 Reconsideration of the Treaty obligations involved in this research

In this section, we address the first condition on reconsideration of the Treaty obligations involved in

this research.

The principles of Te Tiriti o Waitangi, as articulated by the Courts and the Waitangi Tribunal, provides

the framework for how we needed to meet our obligations under Te Tiriti. The three principles derived

from the Treaty of Waitangi, Partnership, Participation, and Protection should inform the boundary

between Māori and research. Below we describe how we applied each of these principles in this

research.

9.3.1 Partnership

We are committed to working collaboratively with iwi (tribe), hapū (sub-tribe), whānau (family), and

Māori communities to ensure that Māori individual and collective rights are respected and protected.

Partnership involves active engagement and mutual respect. To fulfill this principle, we initiated con-

sultations with a senior advisor at the Office of the Children’s Commissioner, and Dr. Valance Smith,

Assistant Pro-Vice-Chancellor from AUT Māori Advancement Office. These consultations were aimed

at identifying potential risks and ensuring that Māori perspectives are integral to the research process.

9.3.2 Participation

Involving Māori in the design, governance, management, implementation, and analysis of research is

crucial to ensuring that their voices and perspectives are adequately represented. To adhere to this

principle, We consulted with:

• Dr. Valance Smith, Assistant Pro-Vice-Chancellor from AUT Māori Advancement Office;

• Professor Tania M. Ka’ai, Senior Māori Cultural Advisor to the Pro-Vice-Chancellor and Dean;

Their involvement ensures that the research is culturally informed and that Māori participation is

meaningful and impactful.



CHAPTER 9. ETHICAL CONSIDERATIONS 225

9.3.3 Protection

Actively protecting Māori and their collective rights, as well as Māori data, culture, cultural concepts,

values, norms, practices, and language, was a central focus throughout the research process. Re-

specting the privacy and confidentiality of Māori and other communities highlighted in this research

was our utmost priority.

All data used in this thesis was de-identified by Stats NZ. This process involved removing personal

information such as names, dates of birth, and addresses. Identification numbers, such as IRD and

NHI numbers, were encrypted and replaced with other numbers to ensure anonymity. Our access

was strictly limited to the data necessary for our research project, and we did not have access to all

information in the Integrated Data Infrastructure (IDI).

Furthermore, Stats NZ rigorously reviewed all outputs before they were released from the Data Lab.

This review process ensured that the information was aggregated and grouped in a manner that made

it impossible to identify individuals. These measures were essential to maintain the confidentiality and

protect the privacy of all individuals and communities involved in the research.

9.4 Provision of evidence of consultation with Māori

In this section, we address the second condition from AUTEC about consultation with Māori on the

use of their data, and the potential impact of this project’s findings for Māori.

9.4.1 Consultation

Several organizations, advisors, and AUT academics were consulted to seek advice regarding the

conditions required for obtaining full AUT Ethics approval.

Valuable insights and guidance were provided by key advisors from Oranga Tamariki, the Office of the

Children’s Commissioner, and the AUT Māori Advancement Office. It was recommended to contact

the Office of Māori Advancement at AUT and consult with Māori academics in the field of social

work to gather their perspectives on the research. Following this advice, discussions were held with

relevant experts.

Based on these recommendations, the Māori Data Sovereignty Principles developed by "Te Mana

Raraunga" were considered to address common issues related to the use of data about Māori (Te

Mana Raraunga, 2018). Additionally, the principles of "Ngā Tikanga Paihere" were integrated into the
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research framework (Stats NZ, 2020).

Furthermore, ethical commentary on the implications of predictive risk modeling for Māori, provided

to the NZ Ministry of Social Development, was reviewed (Blank et al., 2015).

9.4.2 Use of Data about whānau Māori

We considered the application of the Māori Data Sovereignty Principles developed by "Te Mana Ra-

raunga" and "Ngā Tikanga Paihere". Te Mana Raraunga provided us with the necessary framework to

unpack and address common issues surrounding the use of data about Māori. Several sources pro-

vide further elaboration of these ideas, including Indigenous Data Sovereignty: Towards an Agenda

(Kukutai & Taylor, 2016) and Keegan’s work on Māori algorithmic sovereignty (P. T. Brown et al.,

2023). We thoroughly studied these principles and integrated them into our research approach. The

Te Mana Raraunga Brief offers a general overview of key Māori Data Sovereignty terms and princi-

ples (Te Mana Raraunga, 2018). These principles include:

1. Rangatiratanga (Authority)

2. Whakapapa (Relationships)

3. Whanaungatanga (Obligations)

4. Kotahitanga (collective benefit)

5. Manaakitanga (Reciprocity)

6. Kaitiakitanga (Guardianship)

Ngā Tikanga Paihere was developed in 2018 by the StatsNZ and Māui Hudson, Associate Professor

at Te Pua Wānanga ki te Ao, Faculty of Māori and Indigenous Studies, University of Waikato. The

framework was designed to guide the appropriate use of microdata in the IDI, with a focus on how data

about Māori and other under-represented subgroups is used for research purposes. Ngā Tikanga

Paihere also guides data users and researchers on how they could bring better insights to the data,

by building relationships with communities from whom the data originates. The framework draws on

10 tikanga principles (te ao Māori/Māori world concepts) and aligns with the current model of the

5 Safes Framework that is used to manage safe access to integrated data at Stats NZ (Stats NZ,

2022b). The 10 tikanga principles outlined are represented in Table 9.1. The framework provided

us with a clear understanding of the principles necessary to apply and follow in this research. By

adhering to the guidelines of Te Mana Raraunga (TMR) and Ngā Tikanga Paihere, we ensured that
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Table 9.1: Māori principles (tikanga principles) of Ngā Tikanga Paihere framework.

Tikanga Description
Pūkenga Knowledge and expertise
Kaitiaki Data stewardship and governance

Whakapapa Community relationships
Wairua Community good
Pono Accountability and transparency
Mauri Data transformation and provenance
Tika Value for all
Tapu Sensitivity and risk

Wānanga Organisations
Noa Benefit and opportunity

our work with data was conducted in a culturally appropriate manner. Below, we outline the specific

actions we took to fulfill these obligations, organized according to the relevant principles.

1. Pūkenga (Knowledge and expertise): Appropriate expertise, skills, and experience is re-

quired for this research (Pūkenga).

• As researchers, we possess the necessary data analysis skills and experience to conduct

this study effectively.

• We made every effort to work with the data in a culturally appropriate manner.

• We respect the cultural values of Māori and the communities highlighted in the research.

2. Whakapapa (Relationships): Suitable relationships are required to be established with whānau,

hapū, iwi, Māori advisory groups, special councils, community members, expert advisors, or in-

terested groups who are assisting the research.

• We consulted with the AUT Māori advancement office.

• We consulted with the Research and Evaluation Committee at Oranga Tamariki (Ministry

of Social Development).

• We consulted with the office of the Children’s Commissioner.

3. Pono (Accountability and transparency): We are required to be accountable and transparent

to the communities in the use of data about them. Accountability means providing evidence

that we are responsible to the communities impacted by our research findings. This includes

demonstrating that the communities of interest or their representatives, advisors, leaders, or
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advocates understand the objectives of our research.

• We were able to show evidence that the office of Māori Advancement, the office of children

commissioner and the ministry of social development understand the objectives of our

research.

4. Tika (Value for all): The research must contribute to better outcomes for Māori and all NZers.

It is essential to clearly explain the benefits this research will bring to communities, particularly

those directly impacted by the data.

• The objectives and significance of this study are thoroughly discussed in Chapter 1 of this

thesis.

• The findings of this research will help researchers and policymakers better understand the

potential risk of discrimination in the government’s use of algorithms in decision-making.

• This thesis provides a detailed technical explanation of the steps taken to mitigate the risk

of discrimination in algorithms, offering transparency to readers and the public.

• If the findings are found effective for potential use by child welfare systems, they will en-

hance the ability of child protection staff to make more efficient and consistent decisions.

This can help avoid unnecessary investigations, which are costly for the system and trou-

blesome for families.

• The research may significantly impact the lives of tamariki (children) and whānau (families)

at risk of maltreatment by accurately identifying risk scores and preventing severe future

outcomes.

5. Wānanga (organisations): We required to gain the support of AUT and Oranga Tamariki in

undertaking the research.

• The School of Engineering, Computer, and Mathematical Sciences have supported the

research by approving the initial research proposal.

• Stats NZ IDI approval for use, and its approval through Ngā Tikanga Paihere.

6. Kaitiaki (Data stewardship and governance): We required to make data management plans

that have been developed with appropriate people. We also needede to apply careful, respon-

sible, and ethical practices when using data.
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• Data management plans were made by consulting StatsNZ and the academic supervisors

at AUT.

• We applied Te Mana Raraunga (TMR) and Ngā Tikanga Paihere frameworks in this re-

search.

• We attained AUT ethics committee and StatsNZ approval to get access to data.

• We used de-identified data to protect the privacy and confidentiality of individuals.

7. Wairua (community good): We need to consider any potential harm, disadvantages, or risks

to the communities of interest, particularly those made most vulnerable.

• We addressed potential risks or negative impacts in this thesis.

For the model to be ready for real-world use, it requires further validation, stakeholder input

(particularly from Māori communities), and ongoing monitoring to ensure fairness and accuracy.

Ethical and operational issues must also be addressed. This thesis will be shared with the

Oranga Tamariki Research Centre and Stats NZ to support future research and discussion.

8. Mauri (Data transformation and provenance): We required to clearly describe the datasets

that we used, why the datasets were important to the research, and whether this research

enhances or aligns with the original data collection purpose.

• We assign a section to data description in this thesis.

• We explained the significance of the datasets and variables used in this research.

9. Tapu (Sensitivity and risk): We needed to ensure data safety, protect privacy and confiden-

tiality, and ensure appropriate use.

• Stats NZ provided us access to integrated data by meeting their ‘Five Safes’ conditions:

safe people, safe projects, safe settings, safe data, and safe output.

• We accessed research data in Stats NZ’s secure virtual environment (the Data Lab).

• We used data from the IDI, which is de-identified. This means that information such as

names, dates of birth, and addresses were removed by Stats NZ. Numbers that could

identify individuals, such as IRD and NHI numbers, were replaced with other numbers.

• The data was not removed from the Data Lab; all analyses were conducted within this
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secure environment.

• Stats NZ reviewed research results before their release to ensure that individuals could

not be identified.

10. Noa (Benefit and opportunity): We needed to demonstrate that potential risks have been

balanced with benefits.

• This research aimed to tackle potential discrimination associated with the process of de-

veloping Predictive risk models in the child welfare context. This research is exploratory,

and it is only a theoretical possibility with no specific decision on whether the Predictive

Risk Model developed will ever be used. The decision to demonstrate whether potential

risks have been balanced with benefits depends on the stakeholders perspectives.

• We intend to show that people of equal relevant characteristics must achieve equal out-

comes by using these models regardless of their ethnicity (Equal Opportunity).

Noa (Benefit and Opportunity): We needed to demonstrate that potential risks have been balanced

with benefits.

• This research aimed to address potential discrimination associated with the development of

predictive risk models in the child welfare context. The research is exploratory and theoretical,

with no specific decision made on whether the predictive risk model developed will be imple-

mented. The assessment of whether potential risks have been balanced with benefits depends

on the experience and perspectives of stakeholders.

• By this research, we intended to demonstrate that individuals with equal relevant characteris-

tics should achieve equal outcomes using these models, regardless of their ethnicity, thereby

promoting equal opportunity.

9.4.3 The potential impact of this project’s findings for Māori

The development of a predictive risk model to assist professionals in identifying and investigating

children at risk of abuse or neglect as part of a preventive early intervention strategy in NZ carries

significant ethical implications. Recognizing these potential ethical risks, the NZ Ministry of Social De-

velopment commissioned two comprehensive ethical evaluations to scrutinize the development and

implementation of predictive risk models. The first evaluation, conducted by Professor Tim Dare from
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the University of Auckland’s Philosophy Department, reviewed the ethical issues associated with im-

plementing predictive risk models. Dare (2013) identified several potential sources of harm that could

arise from the application of predictive risk models and proposed methods for mitigating these risks.

His evaluation concluded that the use of predictive risk modeling could be ethically justified, provided

that the recommendations outlined in his report are thoroughly addressed.

The second evaluation, carried out by Blank et al. (2015), provided a Māori ethical review of the pre-

dictive modeling using the Te Ara Tika framework (Hudson et al., 2010). This framework, grounded

in tikanga Māori (Māori protocols and traditions), offers guidelines for Māori health research ethics.

The review incorporated relevant ethical issues highlighted by Dare (2013) and raised by Māori com-

mentators, adapting the Te Ara Tika framework to evaluate predictive risk modeling. This framework

emphasizes four key principles derived from tikanga Māori:

1. Tika (Appropriate research, project, and design)

2. Manaakitanga (Cultural and social responsibility)

3. Whakapapa (Relationships)

4. Mana (Justice and social equity)

Both evaluations underscore the necessity of addressing ethical concerns to justify the application

of predictive risk models. These reviews have been integral in shaping the ethical framework for our

research, ensuring that the development and use of predictive risk modeling are conducted with rig-

orous ethical scrutiny and cultural sensitivity.

We reviewed these ethical evaluations and outline below some of the risks and potential benefits of

using predictive risk models for Māori, as mentioned in (Blank et al., 2015). Since Māori are dis-

proportionately represented in the high-risk group, there is an argument that a model of this kind,

which helps target resources, is beneficial to Māori. Targeting based on the risk score will draw more

resources towards Māori.

One of the risks highlighted by Blank et al. (2015) is hyper-vigilance. This occurs when families iden-

tified by predictive risk models have increased contact with social workers and other professionals,

who might be more likely to identify maltreatment. Hyper-vigilance can be both beneficial and harm-

ful. It is beneficial because it can lead to a reduction in harm caused by maltreatment, such as the

removal of a child from a harmful environment. However, it can also be harmful if it leads to false

accusations or the incorrect removal of children. Given that some children identified as high-risk do
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not subsequently experience a maltreatment event, the sense of being monitored can be unpleasant

for the majority of families. Since high-risk families and maltreated children are more likely to be

Māori, both the potential benefits and harms of hyper-vigilance will disproportionately affect Māori.

Our research aimed to explore the effects of the over-representation of Māori in the NZ child welfare

system on model performance and to apply approaches to mitigate this bias stemming from predic-

tive models. To address these risks, we have focused on developing methods that more accurately

identifies true risk without inadvertently increasing the over-representation of Māori within the NZ care

and protection system. We explored the statistical methods to reduce over- and under-identification

errors in the model. Our efforts were directed towards creating a balanced model that minimizes

these risks while enhancing fairness and accuracy in predictive risk modeling.

9.5 Conclusion and Discussion

Reviewing the Te Mana Raraunga (TMR), Ngā Tikanga Paihere, and Te Ara Tika frameworks, we

conclude that we needed to develop a strong thesis of how the model is developed and to consult

widely with Māori. The consultation agenda should include the rationale for predictive risk modeling,

its performance, and an assessment of its relative benefits and burdens.
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Appendix A

This appendix provides supplementary material for this thesis, detailing the initial features encoded and predictor variables utilized. Tables A.1-A.7

present the initial features extracted from the data available in the Stats NZ IDI. These tables are categorized by data sources, including Child, Youth and

Family, the Children’s Action Plan, Personal Details, Sentencing and Remand, the Programme for the Integration of Mental Health (PRIMHD), and the

2018 Census. Additionally, Tables A.8-A.11 present the final set of predictors used for predictive modelling in this work. These predictors are organized

based on levels such as child predictors, parent predictors, family predictors, and others.
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Table A.1: Overview of initial features extracted from Child, Youth and Family data.

Feature Level Domain Description
Child History of

Interaction with
CPS

• Substantiated findings of behavioral or relationship difficulties in the past.
• Substantiated findings of suicide or self-harm in the past.
• Substantiated findings of emotional, physical, neglect, or sexual abuse, or any type of maltreat-

ment within the last 3, 6, 12, 24 months, or prior with respect to the date of notification.
• Section 15 reports of concern, intakes, investigations, risk and safety assessments, and place-

ments within the last 3, 6, 12, 24 months, or prior with respect to the date of notification.
• Spells of care and protection custody or guardianship to the chief executive of Oranga Tamariki

or another service provider within the last 3, 6, 12, 24 months, or prior with respect to the date
of notification.

• Section 15 reports of concern resulting in no further action required within the last 3, 6, 12, 24
months, or prior with respect to the date of notification.

• FGCs or FWAs within the last 3, 6, 12, 24 months, or prior with respect to the date of notification.
• Maximum and minimum number of days the child was placed in out-of-home care in the past.
• Maximum and minimum number of days the child received services from other organizations

(partnered response) in the past.
• Number of days since last Section 15 intake.
• Reports of family violence incidents to the police within the last 3, 6, 12, 24 months, or prior with

respect to the date of notification.
• Whether the last placement phase ended within the last 3, 6, 12, 24 months, or prior with respect

to the date of notification.
• Whether the last partnered response ended within the last 3, 6, 12, 24 months, or prior with

respect to the date of notification.
• Whether the child was in custody or under the guardianship of the chief executive of oranga

tamariki or another service provider at the time of notification.
• No history of report of concern, intake, substantiated findings of maltreatment, placement, or

care and protection custody or guardianship spell.
• Whether the child is already in an open social work phase at the time of notification, including

investigation, risk and safety assessment, partnered response, or placement.
• Whether the child was in full-time placement at the time of notification.
• Last investigation outcome.
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Table A.1 continued from previous page
Feature Level Domain Description
Parents History of

Interaction with
CPS

• Whether they are known to Oranga Tamariki.
• Whether there were substantiated findings of behavioral or relationship difficulties during their

childhood.
• Whether there were substantiated findings of suicide or self-harm during their childhood.
• Whether there were substantiated findings of emotional, physical, neglect, or sexual abuse, or

any type of maltreatment during their childhood.
• Whether they had a history of intake by CPS as a child.
• Whether they were placed full-time in out-of-home care during their childhood.
• Whether they were placed due to care and protection concerns during their childhood.
• Whether they were placed with the Youth Justice System (YJS) in the past.
• Whether they were identified as a perpetrator of another child in the past.
• Whether they perpetrated against the subject child in the past.

Family History of
Interaction with
CPS

• Number of children in the same report of concern as the subject child.
• Number of prior notifications for children in the same report of concern as the subject child.
• Number of prior notifications for all siblings identified based on parents, including half-siblings.

Community Others
• Notifier role type including court, family or whānau , health professionals, midwife or plunket,

neighbours or friends, police, school or early childhood centre, unknown or others.
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Table A.2: Overview of initial features extracted from Children’s Action Plan data.

Feature Level Domain Description

Child
Demographis

• Whether the child has a disability.
Supports and Services

• Whether the child and their family referred to children’s teams in the past.
Family Criminal History

• Whether family violence is present.
• Whether drug or alcohol issue is present.
• Whether there is involvement in the prison system.
• Whether there is involvement in the corrections system.

Table A.3: Overview of initial features extracted from Personal Details Data.

Feature Level Domain Description
Child Demographics

• Age at the time of notification.
• Gender
• Ethnicity

Parents
Identity

• Parents encrypted ID in StatsNZ IDI.
Demographics

• Age at the time of notification.
• Whether they were deceased at the time of notification.

Family
Identity

• Siblings encrypted ID in StatsNZ IDI.
Familly Structure and
Dynamics • Number of siblings, including half-siblings.
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Table A.4: Overview of initial features extracted from Benefit Dynamics data.

Feature Level Domain Description
Child History of Interaction with

Social Welfare System • Whether included in a main public benefit at the time of notification including
sole parent support, job seekers support, support living payment, and young
parent support.

Parents Family Structure and
Dynamics • Whether the main benefit caregiver is one of the parents.

• Whether the main benefit caregiver is the partner of one of the parents.

Family
Family Structure and
Dynamics • Whether the relationship of the caregiver to the child is unknown.

Socioeconomic Status
• Number of days on benefit in the past.
• Number of benefit spells in the last 5 years.
• Percentage on benefit in the last 5 years.
• Number of food payments in the last 1, 2, 3, 4, and 5 years.
• Number of power payments in the last 1, 2, 3, 4, and 5 years.
• Number of clothing payments in the last 1, 2, 3, 4, and 5 years.
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Table A.5: Overview of initial features extracted from Sentencing and Remand Data.

Feature Level Domain Description

Parents
Custody and Detention
History • Whether in custody at the time of notification.

• Whether has been in custody in the last 5 years.
• Whether under home or community detention in the last 5 years.

Support and Services
• Whether completed an alcohol or drug rehabilitation program while in custody in the

past 1, 2, 3, 4, 5 years, or earlier with respect to the date of notification.
• Whether completed a rehabilitation program while in custody in the past 1, 2, 3, 4, 5

years, or earlier with respect to the date of notification.
• Whether completed an education or training program while in custody in the past 1,

2, 3, 4, 5 years, or earlier with respect to the date of notification.
• Whether completed a violence management program while in custody in the past 1,

2, 3, 4, 5 years, or earlier with respect to the date of notification.
• Whether completed a sexual offense program while in custody in the past 1, 2, 3, 4,

5 years, or earlier with respect to the date of notification.
• Whether completed any other program while in custody in the past 1, 2, 3, 4, 5

years, or earlier with respect to the date of notification.

Record Status
• No record in sentencing and remand data.
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Table A.6: Overview of initial features extracted from Programme for the Integration of Mental Health Data (PRIMHD).

Feature Level Domain Description

Parents

Mental Health Issues
• Whether diagnosed with mental health issues in the past 1, 2, 3, 4, 5 years, or

earlier with respect to the date of notification.

Substance Use Issues
• Whether diagnosed with drug use issues in the past 1, 2, 3, 4, 5 years, or earlier

with respect to the date of notification.
• Whether diagnosed with alcohol use issues in the past 1, 2, 3, 4, 5 years, or earlier

with respect to the date of notification.

Support and Services
• Whether referred to mental health and addiction services in the past 1, 2, 3, 4, 5

years, or earlier with respect to the date of notification.
• Whether received mental health, alcohol, and drug use support in the past 1, 2, 3,

4, 5 years, or earlier with respect to the date of notification.

Record Status
• No record in PRIMHD data.
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Table A.7: Overview of initial features extracted from the 2018 Census data.

Feature Level Domain Description
Child Demographics

• Whether the child has a disability.
Family Structure and
Dynamics • Whether the subject child is living with the mother only, father only, or both parents.

Parents
Socioeconomic Status

• Highest qualification achieved by parents.
Family Structure and
Dynamics • Marital status of the parents.

• Partnership status of the parents.
• Whether either parent has a disability.

Family
Family Structure and
Dynamics • Sole parent household.

• Number of people in the household.
• Age group of the youngest child in the family.
• Number of adult children in the family.
• Number of dependent children in the family.

Socioeconomic Status
• Deprivation index of the household.
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Table A.8: Child Predictors

Variable Coding Definition Description Number of
Features

Age (Days) Integer value Age at the time of notification. 1
Age Group Categorical:

0-Newborn
One-Four
Five-Eight
Nine-Twelve
Older Than twelve

Age group at the time of notification. 5

Gender Categorical:
-Male
-Female

- 2

Ethnic Group Categorical:
-Māori
-Pacific
-European and Others

This variable classifies ethnic groups as follows:
Māori group: Includes children who identify Māori as
one of their ethnicities.
Pacific group: Includes children who identify Pacific
(but not Māori) as one of their ethnicities.
European and Others: Includes children who do not
identify Māori or Pacific as any of their ethnicities.
This group encompasses NZ European, European,
Asian, Middle Eastern, Latin American, African, and
other ethnicities.

3

Disability Indicator Binary: 0,1 This variable indicates whether the child has a
disability.

1

Total Behavioural or Relationship
Difficulty Instances

Integer value This variable represents the total number of
instances in which the child or young person had a
substantiated finding of behavioural or relationship
difficulties.

1
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Table A.8 Continued from previous page.
Variable Coding Definition Description Number of

Features
Total Maltreatment Findings Integer value This set of variables represents the total number of

substantiated findings of maltreatment for the child,
including emotional abuse, neglect, or any type of
maltreatment, within the last 3, 6, 12, and 24
months, as well as prior to the date of notification.

15

Total Sexual Abuse Findings Integer value This set of variables indicates the total number of
substantiated findings of sexual abuse for the child
within the last 6, 12, and 24 months, as well as prior
to the date of notification.

4

Total Section 15 Reports of Concern Integer value This set of variables indicates the total number of
Section 15 reports of concern for the child within the
last 3, 6, 12, and 24 months, as well as prior to the
date of notification.

5

Total Section 15 Reports with Intake
Outcome

Integer value This set of variables indicates the total number of
Section 15 reports of concern with an intake
outcome for the child within the last 3, 6, 12, and 24
months, as well as prior to the date of notification.

5

Total Child Investigations Completed Integer value This set of variables indicates the total number of
investigations completed regarding the child within
the last 3, 6, 12, and 24 months, as well as prior to
the date of notification.

5

Total Child Risk and Safety Assessments
Completed

Integer value This set of variables indicates the total number of
risk and safety assessments completed regarding
the safety of the child within the last 3, 6, 12, and 24
months, as well as prior to the date of notification.

5

Total Section 15 Reports with "No
Further Action Required" Outcome

Integer value This set of variables indicates the total number of
Section 15 reports of concern with a "No further
action required" outcome for the child within the last
3, 6, 12, and 24 months, as well as prior to the date
of notification.

5
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Table A.8 Continued from previous page.
Variable Coding Definition Description Number of

Features
Total Family Group Conferences Held Integer value This set of variables indicates the total number of

Family Group Conferences held within the last 6, 12,
and 24 months, as well as prior to the date of
notification.

4

Duration of Child’s Out-of-Home Care
Placement

Integer value This set of variables indicates the maximum and
minimum number of days the child was placed in
out-of-home care prior to the date of notification.

2

Duration of Partnered Response Support Integer value This set of variables indicates the maximum and
minimum number of days the child and their family
received support from other organizations.

2

Total Police Family Violence Reports Integer value This set of variables indicates the total number of
police family violence reports within the last 3, 6, 12,
and 24 months, as well as prior to the date of
notification.

5

Total Previous Custody Guardianship
Spells

Integer value This set of variables indicates the number of
previous custody guardianship spells within the last
12 months, as well as prior to the date of notification.

2

Physical Abuse Substantiation Indicator Binary: 0,1 This set of variables indicates whether the child was
physically abused within the last 3, 6, 12, and 24
months, as well as prior to the date of notification.

5
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Table A.8 Continued from previous page.
Variable Coding Definition Description Number of

Features
Outcome of Last Investigation Categorical:

-Assessment to be integrated
into existing Intervention
-Family Court Orders
-Family Group Conference
-Further Action
-Family Whānau Agreement
-No Further Action
-Safety Assessment
-Partnered Response
-Refer to Service

This variable indicates the outcome of the last
investigation completed regarding the child prior to
the date of notification.

9

Out-of-Home Care Status at Notification Binary: 0,1 This variable indicates whether the child was placed
full-time in out-of-home care at the time of
notification.

1

Child Placement History Binary: 0,1 This set of variables indicates the child’s placement
history, including whether the child was placed in the
last 3, 6, 12, and 24 months, or prior, and whether
the placement phase ended in the last 12 months,
24 months, or earlier.

8

Recent Partnered Response Termination
Status

Binary: 0,1 This set of variables indicates whether the child and
their family stopped receiving assistance from other
organizations within the last 3, 6, 12, or 24 months,
or earlier.

5

Family Whānau Agreement History Binary: 0,1 This set of variables indicates whether a Family
Whānau Agreement (FWA) was signed within the
last 3, 6, 12, 24 months, or earlier.

5

Custody or Guardianship Status at
Notification

Binary: 0,1 This variable indicates Whether the child was in
custody or under the guardianship of the chief
executive of Oranga Tamariki or another service
provider at the time of notification.

1
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Table A.8 Continued from previous page.
Variable Coding Definition Description Number of

Features
Open Social Work Phase Status at
Notification

Binary: 0,1 This variable indicates whether the child is already in
an open social work phase at the time of notification.
The phases include:
Investigation, Risk and safety assessment,
Partnered response, Placement

1

Absence of Previous Child Welfare
Involvements

Binary: 0,1 This set of variables indicates whether there is any
record of the following for the child:
Section 15 reports of concern, Intakes,
Substantiated findings of maltreatment, Placements,
Custody guardianship spells

5

Past Referral to Children’s Teams Binary: 0,1 This variable indicates whether the child and their
family were referred to Children’s Teams in the past.

1

Child Living Arrangements Binary: 0,1 This set of variables indicates the child’s living
arrangements:
Living with mother only (1) or not (0), Living with
father only (1) or not (0), Living with both parents (1)
or not (0)

3

Inclusion in a Main Public Benefit Binary: 0,1 This variable indicates whether the child is included
in a main public benefit at the time of notification,
including:
Sole Parent Support, Job Seekers Support,
Supported Living Payment, Young Parent Support

1
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Table A.9: Parent Predictors.These predictors were encoded separately for both the mother and father of the child, unless otherwise indicated.

Variable Coding Definition Description Number of
Features

Age Group Categorical:
Under 20
20-25
26-35
Over 35
Unknown

This variable indicates the parents’ age group at the
time of notification.

10

Disability Indicator Binary: 0,1 This variable indicates whether the parents have a
known disability.

2

Highest Qualification Categorical:
-No Qualification
-School Certificates
-Post-School Certificate or
Diploma
-University Qualification
-Unknown

This variable represents the highest qualification
achieved by the parents, if known.

10

Marital Status Categorical:
-Never Married
-Divorced
-Widowed
-Separated
-Married
-Unknown

This variable indicates the marital status of the
parents, if known.

12

Partnership Status Categorical:
-Partnered
-No partner
-Unknown

This variable indicates the partnership status of the
parents, if known.

6

Behavioural/Relationship Difficulties
Indicator

Binary: 0,1 This variable indicates whether the parents were
found to have behavioural or relationship difficulties
as a child.

2
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Table A.9 Continued from previous page.
Variable Coding Definition Description Number of

Features
CPS Intake History Indicator Binary: 0,1 This variable indicates whether the parents had a

history of intake by Child Protective Services (CPS)
as a child.

2

Childhood Maltreatment History Indicator Binary: 0,1 This set of variables indicates whether the parents
experienced various types of maltreatment as a
child, including emotional abuse, physical abuse,
sexual abuse, neglect, or any other type of
maltreatment.

10

Childhood Out-of-Home Placement
Indicator

Binary: 0,1 This variable indicates whether the parents
experienced full-time out-of-home care placement
during childhood.

2

Childhood Placement for Care and
Protection Indicator

Binary: 0,1 This variable indicates whether the parents were
placed out of their home due to care and protection
concerns during their childhood.

2

Past Youth Justice System Placement
Indicator

Binary: 0,1 This variable indicates whether the parents were
placed within the youth justice system in the past.

2

Childhood Self-Harm or Suicide Indicator Binary: 0,1 This variable indicates whether there were
substantiated findings of self-harm or suicide during
the parents’ childhood.

2

Past Perpetration Indicators Binary: 0,1 This set of binary variables includes:
1. Whether the parents were identified as a
perpetrator of another child in the past.
2. Whether the parents perpetrated against the
subject child in the past.

4

Maternal Deceased Status at Notification Binary: 0,1 This variable indicates whether the mother was
deceased at the time of notification.

1
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Table A.9 Continued from previous page.
Variable Coding Definition Description Number of

Features
Custody and Detention Indicators Binary: 0,1 This set of variables includes:

1. Whether the parents were in custody at the time
of notification.
2. Whether the parents have been in custody in the
last 5 years.

4

Home or Community Detention Indicator Binary: 0,1 This variable indicates whether the parents were
under home or community detention in the last 5
years.

2

Rehabilitation Program Completion
Indicators

Binary: 0,1 These are separate binary variables indicating
whether the parents completed rehabilitation
programs while in custody in the past 5 years.
1. Alcohol or Drug Rehabilitation Program.
2. Mental Health Rehabilitation Program.
3. Violence Management Program Completion.
4. Other programs.

8

Father’s Sexual Offense Program
Completion

Binary: 0,1 This variable indicates whether the father completed
a sexual offense program while in custody in the past
5 years.

1

No Custody or Detention Record Binary: 0,1 This variable indicates whether no record was found
for the parents in the sentencing and remand data.

2

Mental Health Referrals Binary: 0,1 This variable indicates whether the parents referred
to mental health and addiction services in the past 5
years.

2

Mental Health Issues Diagnosis Binary: 0,1 This variable indicates whether the parents were
diagnosed with mental health issues in the past 5
years.

2

Drug Use Issues Diagnosis Binary: 0,1 This variable indicates whether the parents were
diagnosed with drug use issues in the past 5 years.

2



A
P

P
E

N
D

IX
A

.
250

Table A.9 Continued from previous page.
Variable Coding Definition Description Number of

Features
Alcohol Use Issues Diagnosis Binary: 0,1 This variable indicates whether the parents were

diagnosed with alcohol use issues in the past 5
years.

2

No Mental Health Issue Record Binary: 0,1 This variable indicates whether no record was found
for the parents in the Program for the Integration of
Mental Health Data (PRIMHD).

2
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Table A.10: Family Predictors

Variable Coding Definition Description Number of
Features

Co-reported Children Count Integer value This variable indicates the total number of children
included in the same report of concern as the
subject child.

1

Prior Notifications for Concurrently
Reported Children

Integer value This variable represents the total number of previous
notifications involving children who are reported
concurrently in the same instance.

1

Identified Sibling Count Categorical:
Zero or unknown
1-2
3-4
More than 4

This variable categorizes the total number of siblings
identified for the subject child including half-siblings.

4

Total Notifications for All Siblings Integer value This variable represents the total number of prior
notifications for all siblings identified based on
parents, including half-siblings.

1

Youngest Child Age Group Categorical:
0-Newborn
1-3
4-5
6-9
9 plus
Unknown

This variable categorizes the age group of the
youngest child in the family.

6

Count of Adult Children in Family Categorical:
0
1
2
3
4 plus
Unknown

This variable categorizes the total number of adult
children in the family.

6
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Table A.10 Continued from previous page.
Variable Coding Definition Description Number of

Features
Count of Dependent Children in Family Categorical:

<=2
3-4
>=5
Unknown

This variable categorizes the total number of
dependent children in the family.

4

Family Violence Presence Indicator Binary: 0,1 This variable indicates whether family violence is
present.

1

Prison Involvement Indicator Binary: 0,1 This variable indicates whether any family member is
currently or has previously been involved with the
prison system.

1

Corrections System Involvement
Indicator

Binary: 0,1 This variable indicates whether there is involvement
in the corrections system.

1

Substance Abuse Indicator Binary: 0,1 This variable indicates whether drug and alcohol
issues are present.

1

Main Benefit Caregiver as Parent’s
Partner Indicator

Binary: 0,1 This variable indicates whether the main benefit
caregiver for the benefit spell at the time of
notification is the partner of the parents.

1

Benefit Spells Count Integer value This variable represents the total number of benefit
spells in the last 5 years.

1

Proportion of Time on Benefit in Last 5
Years

Categorical:
->80%
-20-80%
-Up to 20%
-No time

This variable represents the proportion of time the
parent or caregiver spent supported by benefits in
the last 5 years. It is categorized into groups.

4

Hardship Payments Received Indicator Binary: 0,1 This variable indicates whether the parents or main
caregiver received any type of hardship payments in
the last five years.

1
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Table A.10 Continued from previous page.
Variable Coding Definition Description Number of

Features
Food Payment Requests in Last Year Integer value This variable indicates the total number of times

parents, or the main benefit caregiver requested food
payments in the last year.

1

Power Payment Requests in Last Year Integer value This variable indicates the total number of times
parents, or the main benefit caregiver requested
assistance to pay for power bill in the last year.

1

Sole Parent Household Indicator Binary: 0,1 This variable indicates whether the child lives in a
sole parent household.

1

High NZ Deprivation Index Binary: 0,1 This set of two binary variables indicate whether the
child’s household has a deprivation index of 8 or
higher and whether the father’s household has a
deprivation index of 8 or higher.

2
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Table A.11: Other Predictors

Variable Coding Definition Description Number of
Features

Notifier’s role Categorical:
-Anonymous
-Court
-School or Early Childhood
Centre
-Family or whānau
-Health Professionals
-Midwife or Plunket
-Neighbours or Friends
-Police
-Unknown
-Others

This variable is aggregated and includes the role of
the notifier.

10



Appendix B

This appendix provides the distributions of observed care and protection-related events, as outlined in Table 5.1, as well as the estimated care and

protection concern in the Sample Cohort 2017, used for training, and the Sample Cohort 2018, used for external validation. Table B.1 presents the

distributions at different time frames of two, three, and four years. Additionally, Table B.2 outlines the distributions of outcomes within four years across

different ethnic groups.
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Table B.1: Distribution of observed care and protection-related events and the outcome based on these events for sample cohorts of unique children and young people
across different time frames.

Time Frame Outcome
Cohort 2017 Cohort 2018
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Estimated care and protection concern 28,236 47% 28,227 47%
Further notification with an intake outcome 21,897 37% 21,642 36%
FGC or FWA recommended by a social worker 59,475 7,815 13% 59,511 7,884 13%
Substantiated findings of maltreatment (including sexual, emo-
tional, physical and neglect)

17,448 29% 17,517 29%

3
ye

ar
s

Estimated care and protection concern 30,558 54% 30,102 53%
Further notification with an intake outcome 25,185 44% 24,510 43%
FGC or FWA recommended by a social worker 57,039 9,036 16% 56,958 8,907 16%
Substantiated findings of maltreatment (including sexual, emo-
tional, physical and neglect)

19,338 34% 19,173 34%

4
ye

ar
s

Estimated care and protection concern 31,404 58% 30,516 57%
Further notification with an intake outcome 26,871 50% 25,695 48%
FGC or FWA recommended by a social worker 54,111 9,705 18% 53,997 9,393 17%
Substantiated findings of maltreatment (including sexual, emo-
tional, physical and neglect)

20,250 37% 19,689 36%
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Table B.2: Distribution of observed care and protection-related events and the outcome variable based on these events within four years across Ethnic groups (Maori,
Pacific, European and Others).

Ethnic Group Outcome
Cohort 2017 (n = 54,111) Cohort 2018 (n = 53,997)
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Maori

Estimated care and protection concern 19,041 61% 18,348 60%
Further notification with an intake outcome 16,677 62% 15,714 61%
FGC or FWA recommended by a social worker 6,099 63% 5,880 63%
Full time placement 2,736 66% 2,337 64%
Substantiated findings of maltreatment (including sexual, emo-
tional, physical and neglect)

12,462 62% 12,135 62%

Pacific

Estimated care and protection concern 3,324 11% 3,147 10%
Further notification with an intake outcome 2,550 9% 2,391 9%
FGC or FWA recommended by a social worker 906 9% 822 9%
Full time placement 330 8% 261 7%
Substantiated findings of maltreatment (including sexual, emo-
tional, physical and neglect)

2,361 12% 2,196 11%

European and Others

Estimated care and protection concern 9,039 29% 9,021 30%
Further notification with an intake outcome 8,583 30% 7,593 30%
FGC or FWA recommended by a social worker 2,700 28% 2,688 29%
Full time placement 1,101 26% 1,071 29%
Substantiated findings of maltreatment (including sexual, emo-
tional, physical and neglect)

5,427 27% 5,358 27%



Appendix C

The following appendix provides a list of the predictor variables used in the analysis discussed in Section 8.3. These variables are grouped into child

predictors, caregiver predictors, family predictors, and other relevant predictors.
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Table C.1: Child Predictors

Variable Type Coding Definition Description
Age(Years) Numerical Integer number Age at the time of notification.
Gender Categorical Male

Female
Unknown

Gender of the child or young person.

Ethnic group Categorical Māori
Māori and Pacific
Pacific
European
Other
Unknown

Since one child can have more than one ethnicity,
this variable was created based on Oranga Tamariki
approach regarding prioritised ethnicity.

• Māori children who identify Māori (but not
Pacific) as one of their ethnicity.

• Māori and Pacific children who identify both
Māori and Pacific as their ethnicity.

• Pacific children who identify Pacific (but not
Māori) as one of their ethnicity.

• New Zealand European and Other children
who do not identify Māori or Pacific as one of
their ethnicity.

Previous risk and safety
assessment flag

Binary 1,0 This variable indicates whether the child has
previously been the subject of a risk and safety
assessment.

Number of previous care and
protection notifications

Numerical Integer value This variable includes the number of previous care
and protection notifications for the child.

No previous care and protection
notification flag

Binary 1,0 Since the above variable is zero inflated, this binary
variable was created to indicate whether the child
has not been the subject of a care and protection
notification in the past.

Number of days since last intake Numerical Integer value Number of days since the child was the subject of a
Section 15 intake where further action was required
by child protection services. This is not including the
current notification.
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Table C.1 Continued from previous page.
Variable Type Coding Definition Description
No previous intake flag Binary 1,0 This variable indicates whether the child has not

been the subject of a notification with an intake
outcome in the past.

Number of previous maltreatment
findings

Numerical Integer value This variable includes total number of previous
substantiated findings of maltreatment for the child
including emotional abuse, physical abuse, sexual
abuse, and neglect.

No previous maltreatment finding Binary 1,0 This variable indicates whether the child has not
been the subject of a maltreatment finding in the
past.

Previous custody guardianship
spell flag

Binary 1,0 This variable indicates whether the child has
previously had care and protection custody or
guardianship to the Chief Executive of OT or another
service provider.
This does not include section 205 which is a
temporary order and section 42 which allows a police
constable, who believes its necessary to protect a
child from injury or death and detain the child.

Open phase flag Binary 1,0 This variable indicates whether the child is already in
an open social work phase at the time of notification
such as:

• Investigation
• Risk and safety assessment
• Partnered response
• Placement
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Table C.1 Continued from previous page.
Variable Type Coding Definition Description
Main public benefit inclusion flag Binary 1,0 This variable indicate whether the child is included in

a caregiver’s main benefit currently or in the past.
The main benefit here refers to:

• Sole parents
• Job seekers
• Support living payment
• Young parent

Level of contact with MSD and OT Ordinal 1,2,3,4 Two binary variable were created in order to define
this variable. A variable that indicated whether the
child has previously had a contact with NZ public
benefit system (MSD) and another one that indicated
whether the child has previously been in contact with
NZ child protective services (OT). For the final
variable which is used in the analysis, each child is
categorised into one of four groups:
Level 1: No previous public benefit system or OT
contact.
Level 2: Previous OT contact, no previous contact
with public benefit system.
Level 3: Previous contact with public benefit system,
no previous OT contact.
Level 4: public benefit system and OT contact.



A
P

P
E

N
D

IX
C

.
262

Table C.2: caregiver Predictors (Mother of the child).

Variable Type Coding Definition Description
Age (Years) Numerical Integer value Age of the child’s mother at the time of notification.
Level of contact with child
protective services

Ordinal 1,2,3,4 The level of contact with child protective services
during the childhood of the caregiver (mother).
Level 1: No involvement.
Level 2: At least one intake as a child.
Level 3: Finding of maltreatment.
Level 4: Placement.
Note: We are aware that complete history of contact
with child protective services is only available for
younger caregivers.

NZ deprivation index Categorical 1 ,2, 3, 4
5, 6, 7, 8
9, 10, unknown

NZ Deprivation Index for the caregiver based on
2018 census.

Table C.3: Family Predictors.

Variable Type Coding Definition Description
Number of children reported at the
same time

Numerical Integer value The number of children involved in the notification
(siblings).

Number of previous notifications
for children reported

Numerical Integer value Total number of previous notifications for the children
involved in the notification (siblings).
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Table C.4: Other Predictors.

Variable Type Coding Definition Description
Notifier’s role Categorical -Anonymous

-Court
-Family
-Health Professionals
-Midwife or Plunket1

-Neighbours or Friends
-Police (FVI2)
-Police (Other)
-School or Early Childhood
Centre
-Unknown
-Others

This variable is aggregated and includes the role of
the notifier.
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