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1. Abstract

Each year approximately 3.6 million children in the US are referred to Child
Protective Services (CPS) — despite these high levels of surveillance, child
maltreatment deaths have not fallen. Additionally, many children who are victims
of abuse and neglect come to the attention of CPS when it is too late and where
early intervention might have helped them. That is where Predictive Risk
Modelling (PRM), a type of statistical algorithm that uses linked administrative
data to predict the likelihood of adverse events happening in the future, comes
into play. The PRM tool typically estimates a child’s risk of abuse and neglect at
the time of birth, then its predictions are employed to assist decision-making for
connecting families to prevention services before incidents of abuse and neglect
occur. However, there are growing concerns about racial disparity around the use
of PRM in the child maltreatment context: whether it will reproduce, or even
exacerbate, human bias. This study focuses on understanding one of the causes
of machine bias, which is measurement error or target variable bias. In particular,
the research investigates whether the use of a proxy variable, which is foster care
placement in our context, can potentially lead to racial disparity in child

maltreatment predictions.
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2. Introduction

2.1 Predictive Risk Modelling (PRM) explanation

In recent years, machine learning algorithms - an application of statistical techniques that
learn from historical data to make a future prediction - are increasingly applied to a wide
range of practices in the private and public sectors. In the domain of child welfare, some
agencies are supplementing manual child-at-risk detecting methods with automated
decision algorithms that speed up the process of triaging the most vulnerable children
and prioritizing them for protective services. It is crucial in child welfare systems to
proactively identify families with complex needs to be able to help them thrive and to
prevent child maltreatment from happening as early as possible. Although various
preventive support programmes are given to families (e.g., home visiting), many of them
have proven ineffective due to the lack of engagement by parents of children with the
most complex needs(Vaithianathan et al., 2020). In other words, children and parents
who are most in need of these services are not correctly triaged by the system, leading
to missed opportunities to prevent adverse outcomes for children. Therefore, the system
needs a means to better engage with the families before critical incidents occur. Machine
learning algorithms, it is claimed, do a much better job of identifying children at risk of
abuse and neglect than human judgment alone, due to their ability to process a large
amount of information to produce highly accurate predictions (Drake et al., 2020).
Moreover, these tools help shorten the assessment time and are able to triage the whole
population of focused families, leading to greater efficiency and performance. For these
reasons, machine learning algorithms are becoming increasingly popular in the child

welfare domain.

Predictive risk modelling (PRM) is one form of machine learning algorithm that is
currently used in the child welfare system. PRM tools are often trained on historical data
using statistical methods such as LASSO (Least Absolute Shrinkage and Selection
Operator), Random Forest and Support Vector Machines. These types of algorithms
learn by constructing a set of rules that summarise the correlations between predictors
and the target outcome on the training data set used to train the algorithm. Then it applies
what it has learned to give predictions on the test set, which is unseen data not used in
the training phase. In particular, PRM processes a large amount of administrative data
collected and stored by government agencies and outputs the predicted probabilities of
adverse events happening in the future. Like a threshold tool, it predicts that a child is at

risk of maltreatment if their predicted risk probability is above a certain limit.



This study focuses on a preventive PRM tool used in the US' child welfare system. This
preventive model utilizes the history of the child's parents and the child’s birth record to
predict the risk of out-of-home placement by age three. The data set used to train the
model consists of 52,520 children born from 2012 to 2015 and having maternal residence
in the jurisdiction. The predictors come from various domains such as Vital Birth Records,
Children, Youth and Families, Jail and Court systems, Demographic data (excluding
race), Homeless and Housing Support Services, and Juvenile Probation. The designers
of the tool claimed that including race as an input variable was not useful in increasing
the model's overall predictive power. They, therefore, excluded race and built the model
from 459 predictors. However, the tool developers did not give evidence showing
whether the model’s performance for each racial subgroup is similar with and without

race included.

The PRM tool will be applied to all the children that are born in the jurisdiction unless the
family chooses to opt out of the project and does not want to receive any services from
the providers. After using the PRM tool to score each child, the service provider will
decide how to engage with the family and tailor services to their needs. Families with the
highest risk will receive more intensive service offerings from the system. In contrast, the
lower risk ones will receive universal services such as access to a support hotline or
website. From the service provider point of view, the purpose of the tool is to reach and
engage more families who might benefit from the support and connect families to
services before incidents of abuse and neglect occur. Moreover, the goal is to ensure
that families with the most complex needs receive prioritized access to the most intensive

support.

According to the preventive programme's designers, it is a "universal graduated
program", which means everyone has access to the universal child protection services
provided by the programme, but only families with moderate to complex needs will
receive more intensive service offerings. Based on their estimated risk score, a family
will be allocated to the Priority tier, Family Support tier or Universal tier. Universal
outreach is offered to any mother who gives birth in the jurisdiction regardless of need.
Meanwhile, the Family Support tier is designed for only families with moderate
risks/needs and includes more support, such as Home Visiting programmes. The Priority
tier is dedicated to the highest risk group to provide them with the most intensive

services.

The preventive PRM tool was trained on a range of adverse outcomes that can be
generated using the available data. Specifically, the model designers tested various

dependent variables (e.g., child welfare referrals, case openings, out-of-home
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placements/removals, out-of-hnome placement due to physical abuse only) with different
follow-up periods (e g., one year, two years, three years). According to the modellers,
predicting adverse events in a child's early years is critical for intervention since the early
experience of adversities will have a long-term impact on the child's development (Felitti
et al., 1998).

After training the model on various outcomes, the tool designers decided to use out-of-
home placement by the child’s third birthday as the final target outcome. By predicting
out-of-home placement in the first few years of a child's life, the modellers argue that
they focus on a fundamental period in childhood development. They explained that early
exposure to adversities and maltreatment could prolong the consequences and impede
the child's ability to develop fully. Moreover, they achieved higher predictive accuracy
when training the model on foster care placement. They also asserted that out-of-home
removal demonstrates child protection involvement which can be prevented by early

intervention.

However, there is concern regarding the training on foster care placement as it might not
be a good indicator of actual maltreatment. In other words, out-of-home removal might
not truly reflect the underlying maltreatment risk that the child is facing: "if the child
protection system is poor at identifying children at risk of harm, then training a model on
children who are removed might not actually identify children at true risk of harm"
(Vaithianathan et al., 2020, p.18) Ideally, families eligible for Priority tier services should
be at high risk of a range of (objective) adverse outcomes, including infant mortality,
deaths associated with maltreatment and actual severe abuse and neglect. Training the
model on such outcomes could also be problematic. For instance, if the algorithm
designers were to use mortality as the outcome variable, they face the unbalanced
dataset issue. That is, one class label's prevalence rate (e.g., the class label indicating
mortality) is significantly lower than that of the other class (e.g., the class label indicating
being alive). This is also true of placement but the issue is much less severe. The
placement base rate is roughly 18 removals per 1000 children, whereas the mortality
rate is approximate 6 deaths per 1000 children. Fortunately, there were very few children
who died between 2012 and 2015 in the jurisdiction. Additionally, the modellers could
not train the PRM tool on abuse and neglect as the data on these outcomes are not
readily available. Therefore, they built the preventive model on home removals after

taking into account all the above considerations.

To train the algorithm, the data set was split into two subsets according to the 70:30 rule
for training and testing. The tool designers used the LASSO method to estimate the

likelihood of foster care home placement by age three. LASSO is a Regularized Logistic
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Regression algorithm (Tibshirani, 1996). The technique is also called regularised
regression that adds constraints to the loss function to ensure that the model predicts
better on unseen data.

Let y be the dependent variable, or ‘out-of-home placement by age three’ outcome. X is
an independent variable N x p matrix with p = 459 input variables and N = 52,520
children. The LASSO model minimises the log loss function subject to a constraint:

N p p
14 [PV
r[?i[? —z — ln(l + e(‘g"+ Zf:lﬁ’x”)) + yi(Bo + Zﬁjxij) +2 ) |8l
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Log loss  Regularization terms

Like a logistic regression, the LASSO algorithm estimates coefficients that best fit the
data by minimizing the function above. However, unlike logistic regression, which only
minimizes the log loss function (i.e., L;,4) (Hastie etal., 2021), LASSO needs to minimize
the summation of log loss and the regularisation term (called the “total loss”). By adding

the second term AZ}’.’=1|ﬁj|, which is also called the shrinkage penalty, LASSO will force

some of the estimated coefficients to zero to minimize the total loss. As a result, the
number of weighted predictors in the LASSO model will be smaller than the number of
estimated coefficients produced by an ordinary logistic regression. The shrinkage term
in the LASSO model thus acts as the variable selector which keeps only most important
variables in the final model. As a result, the LASSO model becomes less flexible than a
logistic estimator due to its more simplified form with fewer non-zero coefficients. This
makes the LASSO algorithm avoid overfitting, which refers to a model that is very good
at fitting its training data but not as good when predicting new data. However, the
shrinkage penalty will also distort the values of the other betas. This means that the

estimated LASSO probabilities are biased estimates of the “true” risk.

In machine learning, the trade-off between variance and bias is important. Variance tells
us how much the estimated model will change when we change the training data.
Normally, if the functional form of the estimated model is so complex and flexible that it
precisely predicts all the data points in the training data set (i.e., by drawing a curve that
fits through all the data points), small changes in the training data will lead to significant
change in the estimator. In this case, the model is said to have high variance. In other
words, the model follows all the noises in the training data too closely, which results in

unnecessary learning of useless patterns. What it learns from the training set may not
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be representative of the population. When applying a high variance algorithm on future
data, its accuracy decreases significantly. In other words, a flexible model is more likely
to suffer from the overfitting issue than a simple model.

On the other hand, bias refers to in-sample error (Kleinberg et al., 2015). Bias measures
the total expected difference between estimated values and actual values of dependent
variables in the training data. Bias occurs when we try to approximate real-life data by a
simple model. For instance, if we estimate the relationship between Y and X using a
simple method such as linear regression when the relationship is non-linear, we are
undoubtedly going to get a biased prediction (James et al., 2013). In this case, a more
complex functional form will result in less bias in prediction for the training data. However,
by increasing the complexity of the model, we potentially increase its variance, which
makes the algorithm less accurate at predicting future data. For prediction purposes, a
low variance but high bias model may be more desirable than a low bias but high
variance one (Kleinberg et al., 2015). In other words, in the case of prediction problems,
we care more about how well the model predicts for future data than how it performs on

the current training data.

By introducing the regularizer, Zf=1|ﬁj|, the LASSO model allows for high in-sample

error while penalising high variance. Lambda determines the trade-off between variance
and bias. Thus, the LASSO method is a biased estimator, but it can generalize well to
unseen data due to its low variance compared to logistic regression. Since the purpose
of the PRM tool is to accurately predict future children who will be at high risk of severe
abuse and neglect, overfitting and high variance are of more concern than in-sample

bias. Therefore, the LASSO model is favoured over ordinary logistic regression.

The LASSO model's estimated probabilities from the training data are further stratified
into twenty risk scores with an approximately equal number of children in each score bin.
That is, each score bin contains roughly 5% of the population. To do this, the modellers
first sort the predicted probabilities in ascending order. Next, they divide the probability
distribution range into twenty continuous intervals with equal proportions of the sample
in each interval. Stratifying predicted probabilities into twenty risk score bins provides an
easy way to distinguish children. Those who score 20 have much higher predicted
probabilities of foster care placement by the third birthday than children who score 1.
More importantly, risk scores produced by the tool will be used to prioritize children to
different services. Moreover, due to limited resources allocated to the priority group,
policymakers have decided that the Priority tier can only accommodate 5% of children.
Therefore, children whose score is 20 will be offered the Priority tier, which is the most

intensive service designed to support families with the most complex needs. Children
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with scores from 17 to 19 are provided with less intensive Family Support services. Any
children who score lower than 17 are considered low risk of future maltreatment; thus,

they only receive Universal services.

The PRM tool’s accuracy is assessed on the test set using multiple metrics. The reason
for evaluating the model performance on the test set is because we care about how well
the model predicts for new data. Note that the test set includes data on the 3-year
placement outcome of the children in the sample, so predictions can be compared to
actual outcomes. The first metric is the true positive rate (TPR) which tells us the share
of all removed children who were classified at birth as “high” risk (i.e., score 20). A high
TPR means a large proportion of vulnerable new-borns are correctly identified by the tool
as eligible for intensive service engagement. The second metric is positive predictive
value (PPV) which tells us the percentage of placed children amongst those classified
as “high” risk. A high PPV suggests that a significant number of eligible children
experience placement by age three. It is important to note that there are no interventions
for children in the test set. The TPR and PPV for eligible children in the test set are 54%

and 20%, respectively.

Another general way to demonstrate how the estimated risk scores are predictive of
placement outcome is using the ROC (Receiver Operator Characteristic) curve. A ROC
curve shows the performance of the PRM tool at any high-risk threshold, a. There are
two parameters in this curve. Sensitivity, or the TPR, assesses the algorithm’s ability to
correctly identify children who will be placed by age three. In contrast, Specificity is the
proportion of non-placed children who are correctly classified as low risk: the true
negative rate (TNR). The false positive rate (FPR — the proportion of non-placed children
who are mis-predicted as high risk of placement) is 1-TNR. When varying the high-risk
threshold, a, we receive different combinations of TPR and FPR and the ROC curve plots
these combinations. Because TPR and FPR both increase with the threshold there is a
trade-off. In other words, we cannot increase TPR while also decreasing FPR. Ideally,
we would want to choose a decision cut-off that gives the highest possible TPR and
lowest FPR: a point on the ROC curve that is as far as possible from the diagonal.
However, in the case of the PRM tool we are studying, the service providers can only

serve 5% of the population due to limited resources. This constrains the threshold.

The area under the ROC curve (AUC) provides a generalised measure of model
performance across all possible high-risk cut-offs. It shows the algorithm's ability to
accurately rank a randomly placed child more highly than a random non-placed child in
terms of predicted probabilities (Hanley & McNeil, 1982). AUC values range from 0 to 1.

A PRM that is perfectly able to separate placed children from non-placed children has
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an AUC of 1. Conversely, a PRM with an AUC of 0.5 performs no better than tossing a
coin. ROC curves and the AUC are analogous to Lorenz curves and Gini coefficients
(respectively) for describing income inequality. The AUC summarises the degree of
outcome-risk-inequality across the risk scores: in this case, more inequality is better (i.e.,
very low risk at one extreme and very high risk at the other). The PRM tool that we study
here has an AUC of 92.4% on the test set which shows that the model is highly

discriminating of out-of-home placement.

The tool trained on placement is also externally validated using various other adverse
outcome measures. This is to prove that the PRM is not only predictive of its trained
outcome (i.e., placement), but it is also good at identifying other adversities that the
families and the new-borns might experience. A set of external outcomes, including
maternal homelessness, maternal jail stays, maternal mortality, child mortality (any
causes), post-neonatal fatality and violent, accidental, maltreatment-related
mortality/near mortality (sensitive death), was constructed to externally validate the
model. The model validation process includes calculating the PPV at each risk score
level using each validated outcome and comparing the calculated PPV values of each
outcome between different risk score bins. If the model is good at predicting a particular
external outcome, children who score higher will have a higher likelihood of having that
outcome compared to children who score lower. The model developers show that
children and families eligible for the most intensive services face higher risk of each of
these adversities compared to non-eligible children. In particular they found that children
who score 20 are 30 times more likely to have mothers who served jail time and 27 times
more likely to have mothers who died, than children who score lower. Those children are

also 3.5 times more likely to die from any cause than other children.

The PRM tool offers a few advantages over traditional actuarial assessment tools. One
advantage of using PRM tools is that it does not require participants to provide additional
information by answering lengthy and invasive questionnaires. Instead, the algorithm can
draw upon verifiable data that are far more complex and detailed, and accurate than self-
reported information from clients. PRMs are also capable of screening a whole
population of interest and in particular, they are automated and can be scaled up.
Moreover, the PRM tool is capable of proactively identify high-risk cases even when
there has been no previous service contact. Many families who are afraid of
stigmatization when using the services might not want to engage with child welfare
services and are therefore not known to the service providers. Thus, the preventive PRM
can reduce information barriers and unwarranted selection of easily engaged children

whose risk is low.
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On the other hand, there is growing concern that the use of PRM may potentially
reinforce any racial bias prevailing in the CPS system (Gillingham, 2016; Glaberson,
2019) when these tools are trained on outcomes in the child welfare (such as removals).
There is mounting evidence that the system is biased against children of colour (Cénat
et al., 2021; Rivaux et al., 2008), and because the recorded data is inevitably a reflection
of history, people are worried that any such bias can be “hardwired” into the algorithm;
thus, it may make decisions that discriminate against black children. However, the
evidence is mixed as to whether the tools alleviate or exacerbate racial bias (Drake et
al., 2020). In particular, the PRM tool used to make screening decisions by child welfare
staff in Allegheny County, Pennsylvania (Allegheny Family Screening Tool - AFST), has
been shown to reduce disparities in case opening rates across racial groups (Goldhaber-
Fiebert & Prince, 2019). However, just because we did not see racial bias in the AFST
model, this does not guarantee that other PRM tools are also free of bias. Thus, careful
design and thorough examination of racial discrimination in the PRM tool are always
necessary to understand whether the model helps eliminate any existing bias
(Gillingham, 2016; Glaberson, 2019).

According to the tool designers, the PRM tool is relatively predictive of out-of-home
placement by age three for the whole population, however; it has differential/disparate
accuracy by race. By calculating the PPV for eligible black and white children in the
Priority tier, the tool's designers found that the model is much more accurate at
identifying high-risk white children who are removed from their parents’ care than high-
risk black children. In this dissertation, we will discuss further the underlying disparity in
out-of-home placement predictions by race. More importantly, we find that the use of a
proxy variable, which is foster care placement in our context, can potentially lead to
greater racial disparity in child maltreatment predictions - in particular, in child mortality
caused by abuse and neglect (“sensitive death”). Figure 1 summarises our finding on the
racial differences between estimated true risk of placement versus true risk of sensitive
death. The subsequent sections analyse this phenomenon, its causes and implications,

in more detail.
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Figure 1: Actual placement risk versus sensitive death risk, by race.

In this paper we discuss the following three things. (1) First, although the literature pays
a lot of attention to error rate balance conditions (i.e., equal FNR and FPR across race
groups) when assessing whether an algorithm is “fair’ (a term, which we will define more
precisely in a later section), we argue that this is misguided. We prove that even if the
PRM tool is equally accurate in predicting the outcome for different racial groups (i.e.,
perfectly “fair”), it still fails to meet the error rate balance (ERB) condition due to the
differences in the underlying risk distribution across races. That is, when the actual risk
distributions are dissimilar by race, ERB is necessarily violated. (2) Second, we argue
that there is mis-ranking in the tool’s predictions of children’s true risk, such that black
children eligible for the Priority service tier are at lower risk of placement and abuse than
white children who are prioritised for the same service. (3) Finally, as we have shown in
Figure 1, while the placement risk is a good proxy for abuse risk for black and white
children (both curves in Fig 1 are upward sloping), the strength of the correlation varies
by race and level of risk (Fig 1). More specifically, out-of-home placement is a better

proxy for abuse for white than for black children.
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2.2. Outline of the dissertation

The remainder of this dissertation is structured as follows. In Section 3 we will explain
the notion of define algorithmic bias as well as discuss some of its common causes. In
particular, we will focus on important factors leading to algorithmic bias, which is
mismeasurement by training on a proxy outcome, and also provide an exemplar of this
issue. We then pose our research questions in Section 4. In Section 5 we define a set of
standard fairness metrics commonly cited in the algorithmic bias literature. In Section 6,
we analyse algorithmic fairness of the studied PRM tool in terms of predicting for
placement and child maltreatment outcomes. We then provide a possible explanation as
to why we observe disparities in placement and child maltreatment predictions across
race (Section 7). Finally, we conclude and discuss some limitations in Section 8. All the

proofs and additional tables are placed in the Appendix.
2.3. Data setup

The empirical results in this dissertation are based on a subset of the data used to train
the studied PRM tool. The author obtained ethics approval to access the data®. The data
consists of the PRM ventile risk scores, LASSO predicted probabilities, the dependent
variable (i.e., indicator for out-of-home placement by age three), sensitive death outcome
(i.e., indicator for death caused by violence, accident, child maltreatment), and race
variables. We mainly concentrate on studying the difference between black (b) and white
(w) children; thus, we will filter the original data to the subset comprising these two
groups. We use race variables defined by the model owner to classify children into black
and white groups. After excluding other races (i.e., Asian, Hispanic, Native American),
the new data set contains 48,034 children (N = 48,034)?, where African-American
children account for one-fourth of the total number of children (n,, = 10,367) and the rest
are white (n,, = 37,667).

1 Ethics application 20/245: Understanding the mechanism of racial bias in predictive risk models of
child welfare. See Appendix | for the approved letter.
2The PRM tool was built off the set of 52,520 children. However, for the purpose of our analysis, we limit
our attention to only black and white children. Therefore, the data set used in the later analysis consists
of 48,034 children.
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3 What is Algorithmic bias?

3.1. Algorithmic bias and its causes

Algorithms like the PRM tool have recently been embedded in high-stakes decision-
making processes in child welfare systems across nations (Drake et al., 2020;
Gillingham, 2016; Glaberson, 2019). Views on the use of these tools are contentious.
Some believe that the algorithms will help fix the flaws in current practice by accurately
triaging at-risk children and reducing racial bias (Cuccaro-Alamin et al., 2017; Drake et
al., 2020; Goldhaber-Fiebert & Prince, 2019). Conversely, many hesitate to embrace the
new technology with particular concern over the fairness problem. It is a very natural and
human tendency to be cautious of the unknown. Many of these algorithms are essentially
a "black-box". Therefore, even the people who design and own the tool sometimes do

not fully understand what happens inside the box.

In the child welfare context, critics have focused on how the system treats minority
children differently from children belonging to the majority class (Chibnall et al., 2003).
The introduction of the PRM tool, which is built using child welfare data, certainly invites
more criticism. In particular people argue that the data is a reflection of the system
history; thus, the past dwells within the algorithm and necessarily exacerbates the
existing bias in the predictions (Glaberson, 2019). In recent years, researchers are
increasingly interested in understanding algorithmic fairness (bias) in various
applications, including the child protective field. However, the study of machine learning

fairness remains immature (Chouldechova & Roth, 2018).

In this section, we will introduce the concept of algorithmic bias and its leading causes.
To end this section, we also motivate our research by providing an exemplar of machine

bias in a health care prioritization tool used in the US.

Algorithmic bias generally refers to the situation where the model prediction is not as
accurate for one group as another. When discussing fairness, it is important to mention
two critical notions: disparate impact and disparate treatment. Treating people differently
based on their group membership is defined as disparate treatment (direct
discrimination). On the other hand, disparate impact means "negatively affecting
members of a protected class more than others even if by a seemingly neutral policy
(indirect discrimination)" (Pessach & Shmueli, 2020). Algorithms can avoid direct
discrimination by giving different people the same treatment (i.e., a universal risk

threshold is systematically applied for everyone).

Even when the first type of discrimination can be eliminated, people are still sceptical
about disparate impact. If the algorithm is essentially less accurate at predicting the
16



outcome for the minority group, this could significantly disadvantage people belonging to
this group. According to Chouldechova (2017), black defendants, whether they recidivate
or not, on average, receive more severe penalties than their white counterparts when
using a biased algorithm such as COMPAS tool, which was developed to grant bail or
parole for defendants.

However, one could argue that the PRM tool that we are concerned with in the present
study does not serve a punitive purpose like the algorithm used in the criminal justice
system. We learned from the previous section that the PRM tool supports the service
prioritization process, and participation in all the services is voluntary. In this case, even
when the tool is less accurate for black families -- it mistakenly offers black families more
intensive services -- black families will not suffer from this misclassification as they
always have an opt-out option to consider. However, if they take up the benefits even
when they don't need them, the service providers will miss out on opportunities to serve
in-need families. The PRM tool designers argue that the disparate impact is less likely to
disadvantage black children. Nonetheless, it is still costly for society, with potential harm

to unprotected-children.

There are several common reasons for algorithmic bias to exist. Firstly, bias can stem
from the data used to train the algorithm. Researchers often use the expression "bias in,
bias out" to summarise this type of bias (Barocas & Selbst, 2016; Glaberson, 2019). In
particular, when the training data already includes human prejudice or stereotyping,
learning well from these examples will naturally replicate the same dynamics
(Chouldechova & Roth, 2018). Moreover, training algorithms on incomplete or
unrepresentative data to generalize for the whole population may lead to biased
predictions (Cowgill & Tucker, 2019; Pessach & Shmueli, 2020).

The second source of bias originates from the objective of the training methods, which
usually attempt to minimize the overall error. While the algorithm is trained to minimize
the total error, if it cannot simultaneously fit both the minority and majority groups
optimally, it generally fits the majority better since the majority population contributes
more to the total error (Chouldechova & Roth, 2018; Pessach & Shmueli, 2020).

Measurement error is recently emerging as an understudied source of bias in the
algorithmic fairness literature (Kleinberg et al., 2015; Mullainathan & Obermeyer, 2017,
2021). In particular, the choice of a biased proxy as the model's target variable could
induce algorithmic bias. Measurement error is defined as the difference (error or A)
between the measured outcome (Y) and the outcome of interest (Y*) (e.g., Y =

placement and Y* = abuse in the context of PRM algorithm):
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Y=Y+ é
measurement error
Defining target variables is somewhat tricky as it requires turning an abstract idea into a
measurable subject (Passi & Barocas, 2019). Naturally, the tool's developers will choose
proxy variables that are readily available to them, assuming that this measured outcome
is the best proxy variable for the ground truth. For instance, in the child protective system
(CPS), out-of-home placement is a proxy for child maltreatment since they are highly
correlated; however, out-of-home placement is not the same as child maltreatment.
There are many children who continue to be abused and are never discovered and there

are, conversely, children who are removed who were not at risk of abuse or neglect.

Unlike the causal inference task, we are not interested in knowing if delta is correlated
with any of the predictors in the model for the prediction task (Mullainathan & Obermeyer,
2017). In the causal inference task, we want to make sure our estimators are unbiased.
However, the prediction task only requires low error in predicting the proxy outcome. If
the error is a white noise that is entirely uncorrelated with input variables (X), on average,

a good estimator y will approximate the predictable part of the ground truth.

-0

——
y ~ E[Y|X] =E[Y*|X]+ E[A|X] (assuming expected value of prediction error is 0)
signal White noise

On the other hand, if the error part is not "nicely behaved" (i.e., white noise), estimated
predictions will depend on both signals and predictable error. When measurement error
becomes more predictable than the underlying risk (i.e., signal), it will dominate
predictions and might distort the final decisions (Mullainathan & Obermeyer, 2021). Thus,
the relative predictability of the ground truth and the measurement error will determine

how severe the bias is.

*0

9 ~E[Y|X] = E[Y*IX]+  E[AIX]
N————— N————
signal Predictable error

However, predictability of error will not affect decision-making when it does not lead to a
risk ranking distortion. Suppose child welfare workers overestimate the maltreatment risk
for all children; thus, their estimated risks now move up by an equal amount. However,
this error caused by CPS workers does not impact the rank ordering of children in terms
of their actual risk. In this scenario, the tool is still accurate in classifying children

according to their true risk.

Conversely, when mismeasurement in target variables distorts the ranking of actual risk,
this could cause serious problems. For instance, due to racial bias in the CPS system,

black children are removed from home more often than otherwise similar white children.
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Although both black and white children might be abused and neglected at the same rate,
the model trained on out-of-home placement, a proxy for actual maltreatment, will rank
black children as at higher risk than similarly risk-exposed white children. In other words,
the rank ordering of out-of-home placement is not the same as the ranking order of the
underlying risk. In this case, decisions and allocations produced by the tool will be
biased.

Since proxy choice directly affects algorithmic bias, careful selection of proxy variables
will bring about significant benefits. Next, we will take a closer look at how measurement
error plays out in one particular use case, which is the health prioritization algorithm used

in the US health care system.

3.2. Obermeyer et al., (2019)

In light of the research on mismeasurement, Obermeyer et al., (2019) conducted a study
on how the choice of the proxy outcome can potentially lead to racial disparity in terms
of future predicted health outcomes. The authors investigate racial bias in a risk-
prediction tool widely used by the US healthcare system. Health care professionals and
funders rely on these tools to allocate more intensive services to the most high-risk
patients as predicted by the algorithm. Ultimately, the purpose of these "high-risk care
programmes" is to improve the health outcomes of complex-need patients by additional
service provision. Since these health care programmes are resource-intensive and
costly, the tools need to correctly identify patients who will benefit the most from them.
However, triaging the patients who genuinely have complex health needs and will derive
the most significant benefit from these services is a big challenge. It is a causal inference
problem that asks whether these intensive treatments do in fact improve the sickest
patients’ health outcomes. To measure the counterfactual - what happens with or without
these programmes - requires estimation of treatment effects at the individual level. Put
differently, a perfect risk score (S*) could have the form: $* = E[H,; — Hy;|X;] (where
H, and H, are treated and untreated health outcomes, respectively) (Mullainathan &
Obermeyer, 2021). But estimating the expectation on the right-hand side (RHS) is a very
daunting task. To overcome this issue, the algorithms' designers used healthcare costs
to predict future health care needs. A fundamental assumption is drawn: the sickest
patients are also the costliest; thus, they are the patients with the greatest care needs
who might benefit the most from the programme. By making that assumption, the tool’s
developers hope that the algorithm, which is strongly predictive of total health
expenditure, will also be predictive of health care needs, for which it was not trained.
Although, health care cost and health care needs are strongly correlated, they are not

the same.
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The authors employ extensive hospital data consisting of all primary care patients from
2013 to 2015. There are 6,079 Black patients and 43,539 White patients in the data set.
Typically, patients with risk scores of 97th percentile or above will be automatically
enrolled in the care management services. Patients whose scores rank above the 55th
percentile will be referred to their doctors to consider whether to continue referring them
to the programmes based on these patients' available information. According to
Obermeyer et al. (2019), there are various fairness metrics that can be used to assess
algorithmic bias®.

These fairness concepts will be discussed in more detail in a later section. In this section
we only introduce them briefly. Specifically, the fairness metrics are calibration (i.e.,
people who are predicted at the same risk score should have equal chance of having an
outcome), predictive parity (i.e., predicted high-risk individuals have the same
probabilities of a future event regardless of their race group membership), statistical
parity (i.e., the percentage of people being assessed as high risk is equal across groups),
and error rate balance (i.e., the percentage of people the model mis-predicts their risks
with respect to their true outcome, is the same across groups). Statistical parity seems
inappropriate in the context of the health care tool as it is undesirable to have the same
proportion of black and white patients in the 97th percentile group regardless of their real
needs. Obermeyer et al., (2019) states that they concentrate on calibration criterion as it
is most relevant to the real-world application of the tool. As explained by the authors, the
tool's purpose is to correctly capture as many patients as possible in the eligible group
with complex needs, in order to provide them with early treatment intervention. In other
words, the authors wanted to know whether the tool is equally well at predicting the
complex-health needs for black and white patients. In particular, the authors check
whether the tool is equally well-calibrated across racial groups regarding health
outcomes and health care expenditure. That is, black and white patients who are eligible
for intensive care programmes should be equally sick, and they should also generate the
same amount of healthcare funding. The authors use the number of active chronic
conditions as a proxy for patients' health outcomes, as it is a good indicator of a patient's
health. Other biomarkers such as high blood pressure, the severity of diabetes, high
cholesterol, renal failure, and anaemia are also employed to measure the complexity and

severity of patients' health needs.

The authors find that the risk assessment tool is well-calibrated for its trained outcome -

total medical expenditure. At any given risk score, black and white patients generate the

3 Throughout this dissertation, we will continue to refer to algorithmic bias as the PRM tool’s ability to predict
one particular group better than the others. In other words, if a model exhibits algorithmic bias, it is racially
biased against one particular group in terms of its predictions. On the other hand, when referring to
measurement bias, we refer to one of the causes of algorithmic bias as explained above.
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same health costs. However, conditional on risk scores, black patients are significantly
sicker than white patients anywhere in the risk distribution. Among the patients who score
at or above the 97th percentile, which is also the auto-enrolled threshold, eligible white
patients have 26.3% fewer chronic conditions than black patients. Also, African-
American patients suffer more from diabetes, renal failure, severe hypertension and high
cholesterol than their white counterparts. The authors attempt to quantify the substantial
disparities in health status across racial groups. They replaced healthier white patients
whose risk score was just above a fixed threshold, with sicker black patients whose risk
score was just under that same threshold. By continuing the replacement process until
the marginal patient is equally healthy, the proportion of black patients above the 97th
percentile increased from 17.7% to 46.5%.

Common sense would suggest that less healthy patients need more health care, hence
generating more health expenditure than healthier patients. However, according to the
authors' reasoning, there are a few channels which help explain why sicker black patients
pay less for their health care than their white counterparts. To see this, the authors
compare total medical costs against health outcome. Conditional on the number of
chronic conditions, black patients generate lower medical costs than white patients. The
authors assert that "accurate prediction of costs necessarily means being racially biased
on health" (ibid., p.4). Multiple factors affect the relationship between health outcome
and heath care expenditure. Although in this study, Obermeyer et at. (2019) restrict
attention to insured patients, and explains that poverty can affect health care utilisation
through multiple channels. In particular, poor patients have a lower ability and less
inclination to access health care services than wealthy patients when sick due to barriers
such as "geography and differential access to transportation, competing demands from
jobs or childcare, or knowledge of reasons to seek care" (Obermeyer et al., 2019, p. 4).
For instance, a poor black patient who lives remotely from the registered hospital and
works two low-paid jobs is less likely to have regular check-ups. In contrast, a wealthy
white patient who lives near a hospital and works a high-paid job is more likely to visit
their physician regularly. Thus, even though they might be equally unhealthy, the wealthy

white patient will generate more medical costs than the poor black patient.

The authors also seek to find other explanations as to why race could affect health care
utilization. Black patients are more willing to take up recommended preventive services
when their physicians are black. Furthermore, black patients have a lower level of trust
in the health care system than white patients. So, they are less likely to listen to their
doctors' advice. Besides, healthcare staff also perceive black patients differently from
white patients regarding knowledge or pain tolerance. As a result, black and white

patients who are equally sick might receive different treatment paths due to doctor bias
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or patient preference. Combining all these factors, black patients possibly receive
significantly lower health expenditure than white patients. Thus, by using these tools to
predict complex future health needs, one may be likely to provide more health resources
to white patients who have similar or fewer health conditions than black patients.

Obermeyer et al. (2019) conclude that bias can arise due to a proxy variable's choice.
Total medical cost seems to be a reasonable choice as patients with the greatest future
health cost could also most benefit from the care management programme. However,
as medical expenditure is subject to racial bias using it as the proxy for health needs is
likely to disadvantage black patients. The authors suggest using the number of active
chronic health conditions or avoidable future cost due to emergency visits or
hospitalizations as outcome variables to build the risk-assessment tool for all patients.
Obermeyer and his colleagues found similar model performance when training the
algorithm on the number of active chronic health conditions and total medical costs.
Nonetheless, they also found less racial bias in the top highest-risk patients when using
the number of active chronic health conditions as a proxy for health care needs. The
study emphasizes the importance of proxy variable choice in building prediction
algorithms such that "careful choice can allow us to enjoy the benefits of algorithmic

predictions while minimizing their risks" (p. 7).
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4. Research Questions

1. Does the PRM tool used in child welfare systems exhibit racial disparity in out-of-
home placement predictions?

2. Does the use of a proxy variable, which is foster care placement in our context,
potentially lead to racial disparity in child maltreatment predictions?

In this section, we thoroughly examine whether the PRM tool, which was developed to
be used in conjunction with the child maltreatment prevention programme in the US child
protective service (CPS) system, is racially biased against a particular group when
predicting home-removal outcomes. As explained previously, the PRM tool can provide
a means to better engage families who might benefit from the support, and connect
families to services before incidents of abuse and neglect occur. Thus, the tool needs to
ensure accurate identification of the families with the most complex needs to be
prioritised to the most intensive support. In addition, so long as the families and the
children face the same level of adversity, their needs should be estimated equally,
regardless of their race. Therefore, assessing whether the tool precisely predicts the
level of risk for families across races is essential. More importantly, racial disparities in
the child welfare system is also a hot topic that attracts attention and criticism from
communities, lawmakers and researchers. Given that this algorithm may have an impact
on many lives and aid decision-making regarding the safety of many children,
investigating the racial discrimination aspect to see whether the model helps eliminate

any existing racial bias is worthy of investigation.

The PRM tool is built using out-of-home placement data, which is a proxy for abuse and
neglect. However, there is concern regarding the training data on foster care placement
as it might not be a good indicator of actual maltreatment. In other words, out-of-home
removal might not truly reflect the underlying maltreatment risk that the children are
facing (Vaithianathan et al., 2020). Furthermore, we also learned from the previous
section how proxy variables could lead to algorithmic bias. Therefore, we argue that it is
vital to understand if out-of-home placement can cause racial discrimination in child
maltreatment predictions. In the rest of this dissertation, we will address the two

guestions in more detail.
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5. Definitions of algorithmic fairness

In order to determine whether the PRM is racially biased against one particular group,
the current dissertation will examine a standard set of fairness metrics. These metrics
are calibration, predictive parity, error rate balance and statistical parity. Chouldechova
(2017) summarises several fairness criteria that have been used in the recent literature.
A tool that satisfies calibration across racial groups should equally well predict the
likelihood of a future event for all that share the same predictive risk score, regardless of
their group membership. To define calibration formally, let S be the score variable, let R
denote race, either R=b (black) or R=w (white), and let Y be the indicator, with Y=1 if the
person has the outcome (e.g., the defendant commits new felonies upon release), and

Y=0 if otherwise. Calibration (across groups) requires:
Pr(Y=1|S=s, R=b) = Pr(Y=1|S=s, R=w) 1)

The second fairness notion is predictive parity, or equal PPV (positive predictive value).
Given a high-risk cut-off score (syz), which means that everyone who scores above the
cut-off is classified as high risk and everyone at or below sy as low risk, PPV measures
the probability of the future event (in this case, re-offending) amongst those classified as
high-risk. For example, if risk scores run from 1 to 10, then high-risk threshold values are
from 0 to 9. In particular, if sy = 0 then all the people in the data set will be classified as
high-risk. On the other hand, when syz = 9, only people who score 10 will be considered

as high-risk.

Predictive parity is satisfied if high-risk individuals have the same probabilities of the
future event regardless of their race - they have equal PPVs. While the calibration
criterion is assessed at a single score level, predictive parity (PP) is calculated for the

group of risk scores that is greater than the chosen threshold:
PPVy, = Pr(Y=1|S>syRr, R=b) = Pr(Y=1|S>syz,R = w) = PPVy 2)

The third fairness metric is error rate balance (ERB), which compares false positive rates
(i.e., the proportion of instances with Y=0 who are misclassified as high-risk) and false
negative rates (i.e., the proportion of instances with Y=1 who are misclassified as low-
risk) across racial groups. A tool is said to meet error rate balance if it has equal false

positive and false negative rates across racial groups.
FPRy, = P(S>syz|Y=0, R=b) = P(S>syz|Y=0, R=w)=FPR, (3)

FNRp = P(S< syp|Y=1, R=b) = P(S< syx|Y=1, R=w)=FNR\, (4)
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The final fairness metric is statistical parity:
P(S>syr|R=b) = P(S>syr |R=w) (5)

At a chosen high-risk cut-off, it requires the percentage of people being assessed as high
risk to be equal across groups. According to Chouldechova (2017) statistical parity is
much more relevant in contexts such as employment or college admission. It might be
required by law that companies or colleges should employ or admit people from different
racial or gender groups in the same proportion. However, in many other contexts, such
as predicting recidivism or health care needs or child maltreatment, it is undesirable to
try to achieve the same percentage of black and white in the high-risk category.

Chouldechova (2017) studies the fairness of a well-known recidivism prediction
instrument (RPI1) widely used by law enforcement and courts in the US. The tool is called
COMPAS, which has been criticized by a ProPublica team, accusing it of racial bias
against black offenders. Tools like COMPAS are risk assessment tools that use current
demographic information and history to predict a future event's likelihood. In the case of
COMPAS, it assesses how likely the offender will be to re-offend in the future. COMPAS
scores are used in conjunction with judges' own experience to assess the possibility of
committing new offences while on release or failing to appear on the trial day. Thus, this
prediction tool aids judges to decide whether to release or detain criminal defendants
before their trials. The increasing employment of these algorithms into high-stake
decision-making processes attracts more and more attention, and criticism, from
researchers, journalists, policymakers, and society. Thus, itis crucial to ensure that these
instruments are accurate and fair to avoid inequitable outcomes for different racial

groups.

By using Broward County's data, made public by the investigator team from ProPublica,
Chouldechova re-evaluated the COMPAS tool's fairness using the three metrics
(calibration, PP and ERB) defined above. The data set consists of risk scores scaled
from one to ten, 2-year recidivism outcomes, and other demographic details as well as
crime history variables for the period from 2013 to 2014. There are 6150 individuals in
the data, of which 3696 are black, and the rest are non-black defendants. After re-
evaluating all fairness criteria using different high-risk thresholds, the author finds that
COMPAS is nearly well-calibrated. It also meets the predictive parity condition when

choosing the high-risk threshold of 4; however, it always exhibits an error rate imbalance.

At first glance, calibration and predictive parity look relatively similar; however, a tool that

satisfies the calibration criterion may still fail to meet predictive parity at a given threshold.

In the case of COMPAS, the tool is well-calibrated across racial groups at any level of

risk score from 1 to 10. Yet, it does not satisfy predictive parity when choosing a high-
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risk threshold of 1. In other words, when aggregating the data into one big set containing
all the defendants who score greater than 1, the tool fails to meet predictive parity. This
phenomenon is related to Simpson's Paradox. It occurs when trends hold for separated
groups but disappear or reverse once the data is aggregated.

According to Chouldechova (2017), predictive parity and error rate balance cannot be
satisfied at the same time. She shows, through a compact equation, the impossibility of
simultaneously achieving predictive parity and error rate balance without an equal
prevalence rate (i.e., the percentage of people who have the outcome (Y=1)) across
racial groups. She writes: "when the recidivism prevalence - that is, the base rate
P(Y=1|R=r) - differs across groups, any instrument that satisfies predictive parity at a
given threshold syr must have imbalanced false positive or false negative error rates at
that threshold" (Chouldechova, 2017, p.157). In particular, the author asserts the
following relationship between FPR, FNR, base rate (p) and PPV:

FPR = (&) (522) (1 - FNR) (6)

This functional relationship was not proved in Chouldechova’s paper, so we provide a

proof in Appendix A.

From this equation, one can see that when predictive parity holds (i.e., PPV is equal
across groups), the group with a higher recidivism rate (p) will also have a higher false-
positive rate or a lower false-negative rate (Chouldechova, 2017). Because the predictive
parity criteria calculated for the recidivism prediction instrument is met and black
defendants have a much higher recidivism rate, their FPR will generally be higher, or
their FNR will generally be lower, than that of white defendants, based on the equation
(6). Indeed, this is consistent with what we observe in the COMPASS data. At any chosen
level of cut-off, FPR is always higher for black defendants compared to white defendants,

whereas the opposite direction was found when comparing FNR across race.

It is also essential to understand the extent to which dissimilar FPRs and FNRs can
create disparate impact, meaning a stricter penalty for high-risk defendants of a particular
racial group. To demonstrate the difference in outcomes for black defendants,

Chouldechova (2017) considers a simple risk-based model to assign penalties as

follows:
t ifs>s

T — { max f HR (7)
tmin lfS < SHR

where T is the penalty required from a defendant where t,,;,<T< tax - Naturally, high-

risk defendants will receive a higher penalty than low-risk defendants. If the offender is

predicted as high risk of recidivism, it represents the average penalty that high-risk
26



defendants receive. On the other hand, it represents the average remand time for
defendants when they are predicted as low risk of recidivism. The author then quantifies
the disparate impact by calculating the following quantity:

A= A(y,,y,) =ETIR=b,Y = y,) —E(T|IR=w,Y = y,)

Delta is the expected difference in penalty between black and white defendants where
v1,¥, € {0,1} are recidivism outcomes. The author then proves (ibid., Proposition 3.1)
that

A(O:O) = (tmax — tmin ) (FPRb - FPRW)
and
A(lrl) = (tmax — tmin ) (FNRW - FNRb)

Recall that the observed differences between FPR and FNR for black and white
defendants always persist in the tool, regardless of chosen cut-off. Thus, black
defendants will receive heavier penalties (i.e., less remand time) than white defendants
in both the non-recidivating and the recidivating subgroups. Thus, even when a tool
satisfies predictive parity, it can still produce a disparate impact, penalising the racial

group with a higher prevalence rate.

As explained by Chouldechova, her paper's empirical findings might be misleading if the
observed outcome is subject to measurement error. It could be that the observed
recidivism rates for both black and white groups do not truly reflect reality. Perhaps some
individuals who are flagged as non-recidivists did indeed re-offend. However, the police
could not identify their criminal activities, so they have no record of re-offence in the
observed data. A large body of literature in the economic theory of discrimination
suggests that police officers are taste-based discriminators against black defendants
(Becker, 1957; Knowles et al., 2015). Taste-base discrimination refers to when the police
officer acts as if they receive a higher payoff (or face a higher cost) when they search
African-American pedestrians for carrying drugs (or let African-Americans walk past
without stopping them to search). Thus, if black pedestrians are more likely to be stopped

and searched, the arrest rate for this group may be higher.

On the other hand, when otherwise similar white people carry contraband, the police
often do not search them, so their crimes are not recorded. Moreover, police officers are
also more likely to patrol the area where black communities reside; thus, they are more
likely to encounter criminal activities. Therefore, the empirical findings of fairness
assessments might look different if accurate recidivism data were available.

Furthermore, if the difference in the base rates of actual recidivism across racial groups
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is trivial, the error rate balance might look less dissimilar. We, therefore, might expect to
see that the false-positive rate for true recidivism is lower for black defendants than the
current findings. Similarly, white defendants could have a lower false-negative rate.

To sum up, there are three standard criteria commonly used in the algorithmic fairness
literature: calibration, predictive parity (PP), and error rate balance (ERB). Nonetheless,
it is essential to note that when the prevalence rates are significantly different across
races, PP and ERB cannot be met simultaneously. Last, but not least, when the ERB
cannot be achieved, this will differentially affect the outcomes for each race. In the
context of the COMPAS tool, although PP is satisfied, FPR is always higher, and FNR is
lower, for black defendants regardless of chosen high-risk thresholds. Thus, if applying
the policy as described above, black defendants always receive heavier penalties
compared to white defendants, among both recidivists and non-recidivists. In other
words, even when the tool satisfies PP criteria, it can still create disparate impacts due

to the error rate imbalance issue.
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6. Fairness analysis for the current PRM tool

The previous section explains the preventive PRM tool used in the US child welfare
system, and we learned how the tool is constructed and used. More importantly, the tool
developers concluded that more eligible white children are placed in foster care homes
by their third birthday than similar black children. However, the algorithm designers did
not explain the reason for the observed disparities. Motivated by this finding, we will focus
on understanding the difference (by race) in placement predictions. In addition, we will
examine whether the use of a proxy variable, which is foster care placement in our

context, can potentially lead to racial disparity in child maltreatment predictions.

In particular, we find that the PRM tool is more accurate at predicting actual placement
and child maltreatment for white children than for black children. Moreover, although out-
of-home placement is a good proxy outcome for actual abuse risk, black children at high
risk of placement are at much lower risk of severe abuse and neglect than similar white
children. We estimate the true risk of placement for all children in the sample (N = 48,034)
and find that black and white children have different underlying risk distributions. We then
prove that the error rate balance criteria cannot be met due to the differences in actual
risk distributions, even when the PRM tool perfectly orders children according to their

actual risk.

This study's first objective is to examine how fairly the risk assessment tool predicts out-
of-home placement for children across racial groups, particularly African-American vs
white children. We begin by computing all the standard fairness metrics for each racial
group and compare one against another. These are illustrated in Figure 2. The red bars

represent 95% confidence intervals.

29



Observed probability of placement

False Positive Rate

-

~

A Calibration assessment w0 B Predictive Parity
£
g 75
@
8
8
o
b
£
B S
©
2
[
g
=
b
3
2
[ 3= [
1s.ai © '
IR ,u.IaIi[i of HM T N | . ' '
D34 8T b 8 ot 2121 15 16 17 18 {9 2 IR E RS
The PRM ventile score High-risk cutoff sHR
C Error balance assessment: FPR 100 D Error balance assessment: FNR
04
754
o
T
o
P
&
g 504 46.4 [
3 l
©
w
254
|123 ] [i
0 1 2 3 4 5 & 8 & 1 11 12 13 14 15 16 0 1 2 3 4 5 & 7 B 9 10 11 12 13 14 15 16 17 18 19
ngh risk cutoff sHR High-risk cutoff sHR

race [ vack © whie

Figure 2: Empirical assessment of fairness criteria for the predictive risk tool used in child
welfare. (A) Vertical axis represents the percentage of children who are placed in a foster
care home by age three conditional on their predicted score. (B) Vertical axis represents
PPV (positive predictive value) or the percentage of children who are placed in a foster
care home by age three conditional on their predicted score exceeding the high-risk cut-
off sy € {0,..,19} measured on the horizontal axis. Everyone who scores above the cut-
off is classified as high risk. Those at or below the cut-off are classified as low risk. (C)
Vertical axis represents the percentage of children whose scores are higher than the
chosen high-risk threshold sy € {0,..,19} conditional on not being placed in a foster care
home by age three (False Positive Rate, FPR). (D) Vertical axis represents the
percentage of children whose scores are not greater than the chosen high-risk threshold
syr € {0,..,19} conditional on being placed in a foster care home by age three (False
Negative Rate, FNR).

By looking at Fig. 2A, we see that the tool is approximately equally well-calibrated at
almost every score level except for the 5% highest risk (i.e., risk score 20). There are
almost no children with scores 1 to 12, regardless of race, ending up in foster home care
by age three. As the score increases, the observed frequency of placement increases
for both black and white children, indicating that the tool is predictive of placement out-
of-home. However, white children who score 20 are more likely to be placed out-of-home
than black children predicted at a similar risk and the difference is statistically significant.
In other words, the algorithm is better at predicting foster care placement for white than

it is for black children. This is a critical observation since only the highest risk children
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will be eligible to access the most intensive services. Although more than half of children
who score 20 are black (Table 1), only 16% of them end up being removed from home
by their third birthday. In contrast, white children account for approximately 43% (Table
1) of children who are predicted as at the highest risk, with 25% of them placed in foster
home care in the next three years. Therefore, more black children are misclassified as
at high risk of placement by age three compared to white children. Moreover, due to
resource constraints, the service provider can only serve the top 5% highest risk children
with the most intensive services to help the families cope with adversities and hopefully
to reduce child maltreatment incidents before they occur. Naturally, based on the prima
facie evidence in Fig. 2, we infer that the service providers might incorrectly allocate
resources to less vulnerable black children, while missing out on opportunities to serve
white children who are at higher risk of maltreatment. However, closer scrutiny is needed

before we can accept this conclusion.

At a high-risk cut-off of O, all children in the dataset are classified as high risk, so the
observed probabilities of placement in Fig. 2B are population base rates. In other words,
the bars for cut-off O in Fig. 2B tell us that if 5% of children (i.e., 2402 children) are
randomly selected by the tool, there will be approximately 4% of the selected black
children and 1% of the selected white children placed in foster care homes by age three.
The likelihood of a black child being put in a foster care home is approximately three
times higher than that of white children. On the other hand, if the random selection is
among children who score 20, then 25% of white children and 16% of black children will
be placed in care. Thus, compared to cut-off 0, choosing cut-off 19 shows a significant
improvement in the model's predictive power and also reduces racial disparity. However,
racial disparities in out-of-home placement outcomes still exist even at high-risk
threshold 19.

Recall that the false-positive rate (FPR) refers to the proportion of non-placed children
classified as high-risk, while the false-negative rate (FNR) is the proportion of placed
children classified as low-risk. In the top 5% risk group, the likelihood of a non-placed
black child being classified as high-risk is nearly five times that of white children (Fig. 2C).
Meanwhile, a placed black or white child both have a similar likelihood of being assessed
as low risk. Overall, the error rate balance criterion cannot be met for any cut-off (except

0), since false-positive rates are always unbalanced across races (Fig. 2C).

Another interesting observation from Fig. 2 is that the conditions of predictive parity,
equal false positive and equal false negative rates are not satisfied simultaneously at
any cut-off. This is due to the placement prevalence rates being dissimilar across racial
groups. Specifically, the rate of out-of-home care for black children is approximately 4%,

whereas the white children placement rate is just above 1%. Recall that Chouldechova
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(2017) asserts this incompatibility result, which was discussed in the previous section
and proved in Appendix A. Fig. 2 confirms that the PRM tool cannot satisfy all fairness
criteria at the same time given the large discrepancy in foster care placement rates
across racial subgroups. More specifically, the PP and FPR criteria are violated at a high-
risk cut-off of 19 while the FNR condition is met. We are particularly interested in this cut-
off since children in score bin 20 are eligible to receive the most intensive services from
the service providers. Recall from the previous section that unbalanced FPR or FNR
across race can lead to the racially disparate impact of tool use (Chouldechova, 2017).
In the context of the COMPAS tool, which is used by judges to make bail decisions where
offenders with a high risk of recidivism will receive heavier penalties than low-risk ones,
Chouldechova (2017) uncovered that, on average, black defendants who have a higher
base rate of recidivism, are more likely to receive a heavier penalty than white
defendants, both among recidivists and non-recidivists. We learned from Fig. 2 that FPR
is statistically different in risk score bin 20, whereas FNR is fairly similar across race.
Therefore, using the disparate impact analysis of Chouldechova (2017), non-placed
black children on average receive more intensive services than non-placed white
children. However, placed black children are not more likely to receive more intensive

services than placed white children.

In the previous section we explained that the LASSO predicted probabilities are biased
due to its functional form, which adds regularisation terms to the loss function. Fig. 3
shows the empirical distribution of LASSO predicted probabilities of foster care
placement across race. LASSO predicted probabilities are biased estimates of true risks.
Black children’s LASSO predicted probability distribution is approximately symmetric and
unimodal, while that for white children is skewed right. Specifically, a greater proportion
of white children are predicted as being low risk of future placement than black children.
We notice that the range of LASSO estimated probabilities in Fig 3 is from 0 to 1. The
LASSO model predicts some children as having probabilities of placement as high as
90%, which seems unrealistic given that the average placement rate of the score 20
group is only about 21%. In other words, the model’s level of certainty in predicting foster
care placement seems excessively high. Since the LASSO algorithm is a regularised
method, its predicted probabilities are mis-calibrated compared to regression-based
methods such as logistic regression. This phenomenon is also referred to as prediction
bias. One way to check this is by calculating the mean of the LASSO predicted
probabilities for black and white children and compare those results against black
placements base rate and white placements base rate. Black placements base rate is
approximate 4%, whereas white placements base rate is 1%. However, the average of
LASSO predicted probabilities for black is 0.48 (48%), while that for white children is 0.17

(17%). Thus, the mean of LASSO estimated risks of placement does not equal the
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placement base rate, regardless of race. In other words, LASSO predicted probabilities
exhibit significant non-zero prediction bias. However, the bias is introduced to (hopefully)
reduce variance and improve out-of-sample predictive accuracy. Ideally the PRM tool
should still rank individuals the same way as the true-risk ranking.

Race

black
white

density

0.00 025 0.50 075 1.00
LASSO predicted probabilities

Figure 3: Empirical distribution of LASSO predicted probabilities produced by the studied
PRM tool.

To estimate the true risk of foster care placement, we can regress the LASSO predicted
probabilities against out-of-home placement outcomes using the sample of 48,034
children. Moreover, it would be interesting to know if the actual placement risks are
different across races. We therefore include a dummy variable to indicate if the child is
black and the interaction terms between the race dummy variable and LASSO predicted
probabilities. Thus, the probability, P, of being placed in foster home care for a child with

LASSO estimated probability P; ., , is defined as follows:
P=Pr(Yy = 1|Prgss0, B, B X PLasso) (1)

where Y is the out-of-home placement indicator variable (with Y=1 indicting that the child
is placed in foster care by age three) and B is the Black dummy variable. To estimate

the equation (1), we construct the logistic regression:
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P
In (E) = BO + BlPLasso + ﬁZB + ﬁSB * PLasso

L — eBO+31PLasso+BzB+B3B*PLasso
1-P

1
1+e—(Bo+B1PLasso+B2B+B3B*PLasso)

p =

Logit regression output

Dependent variable:

Placement by age three

Lasso probabilities 74"
(0.2)
Black 0.1
(0.3)
Black*Lasso probabilities 07"
(0.4)
Constant e B
(0.2)
Observations 48,034
Log Likelihood -29469
Alatke Inf Crit. 53,9019
Note: p<0.1; Tp<0.05; T p=0.01

(2)

3)

(4)

Table 2: Logistic regression on Black variable (i.e., if the child’s race is black) and Lasso

predicted probabilities and interaction terms between race dummy variable and LASSO

predicted probabilities for the full sample (N = 48,034). Note: We include race in the

conversion function from Lasso probabilities to actual risk as we want to see if the

estimated true risks differ by race.

Table 2 implies that the same LASSO probability has different risk implications for

different races. The race related coefficients on the interaction term in (4) are statistically

significant which tells us that actual placement risk differs by race. Knowing this is the

case, we separate the data set into the two race groups and run the logistic regression

separately for each sub-sample.

1
T 1+e—(Bo+B1PLasso)
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We estimated black children’s true risk of placement using the function (5). A similar
exercise is done for white children. The model results are in Table 3 in Appendix D. The
estimated value for coefficient B, in (2) is positive and significantly different from O when
regressing LASSO predicted probabilities against placement outcome for both black and
white children subgroups (Table 3). Thus, LASSO predicted probabilities are predictive
of out-of-home placement. However, black children’s actual risk of placement distribution
is dissimilar to that of white children. Figure 4 shows LASSO predicted probabilities on
X-axis and calibrated placement probabilities on Y-axis. We can see from Fig. 4 that
eligible black children are at significant lower risk of actual placement than similar white

children.
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Figure 4: Estimated placement risk versus actual risk of placement, by race

Figure 5 shows the empirical distributions of true risk. In contrast to Fig 3, the distributions
of true risk skew right for both racial groups. However, we can see that the underlying
placement risk distributions continue to look different across race, though not as

significantly as the LASSO risk distributions in Fig 3.

35



100% -

75% -

race

50%- B viack

white

Proportion of children

25% -

0% -

0.0 01 02 0.3 0'4
Logit predicted probabilities

Figure 5: Empirical distribution of estimated true risks by racial group (Histogram)

As defined previously, to achieve unbiased prediction the average of predicted
probabilities needs to be equal to the prevalence rate (i.e., the percentage of placed
children in the data set). On average, 4% of all black children are placed in foster care
home by their third birthday, whereas for white children the rate is 1%. The model (2)
predicts on average that white children have 1% probability of being removed from home.
Similarly, black children are predicted by model (2) to be removed at a similar rate to
their population removal rate which is 4%. Thus, we get unbiased predicted probabilities
of placement by constructing logistic regression (2) for each race group. Fig. 5 shows
that no white children have more than a 45% chance of being placed in foster care by

age three, whereas for black children, the maximum risk is less than 30%.

Table 4 in Appendix E provides the implied score cut-offs for actual placement risks.
Children in the top 5% highest risk of placement now have their estimated logistic
probabilities greater than 0.122 (i.e., « = 0.122) (Table 4).

These distributions of actual placement risk for black and white children contain useful

information to help us understand why, and how, ERB fails in Fig. 2C. As shown in
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Appendix B, we can visualise the theoretical ERB metrics* using the estimated probability
distribution functions for the actual risk of placement (Fig. 7). The cumulative distribution
function (CDF) curves are constructed using the probability density function of true risk
in Figure 6 in Appendix H. They are displayed in Figure 7. The FNR is calculated as
B/(A+B), where A is the area above the CDF curve between horizontal lines at heights
F,(a) and 1 and B is the area above the CDF curve and under the horizontal line at
height F; (a) (where Fgq is the CDF for group g). The FPR is equal to C/(C+D) where C is
the area below the CDF between horizontal lines at heights F;(a) and 1, while D is the
area below the CDF up to the horizontal line at height F,(«). Proof of these claims can
be found in Appendix B. For each race group’s CDF in Fig. 7 the areas A, B, C and D

for a=0.122 are shown.

Using the results from Appendix B, we can now calculate FPR and FNR for each racial

group.
We calculated that 4,, = 0.007 & 4, = 0.021, B,, = 0.006 & B, = 0.019 .
And C, = 0.023 & C, ~ 0.089, D, = 0.964 & D, = 0.871.

Thus

FPR,, ~ 0.023 & FPR, ~ 0.093 and FNR, =~ 0.462& FNR, ~ 0.475

Thus FNR, < FNR, & FPR,, < FPR, at the top 5% highest risk. False negative rates
are not significantly different across race, while the false positive rate calculated for black
children is approximately 4 times higher than that for white children. ERB values derived
from the actual risk distribution function (i.e., CDF curves of true placement risk) are
consistent (but not identical) with Fig. 2C and Fig. 2D which were calculated using
LASSO predicted risk scores and the realised outcome of the sample (see Footnote 4).
However, using the estimated true risk distributions help us understand why the FPR
metrics differ as they do across races. If the predicted (true) risk distributions were
identical for black and white children, the PRM tool would satisfy the error rate balance
conditions at any given choice of high-risk threshold. Conversely, whenever the
distributions vary by race, at least one of the ERB conditions will likely fail even if the

PRM tool correctly ranks children by risk.

4 These “theoretical” ERB metrics are not based on the actual (realised) outcomes of this particular
sample of children. They measure the expected FPR and FNR for a random sample of people
drawn from the estimated risk distribution. Hence, our calculations below do not exactly match
the FPR and FNR in Fig. 2.
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Figure 7: Empirical cumulative distribution function by racial groups

To better understand why the shapes of the actual risk distribution can affect the
satisfactory ERB condition in fairness assessment, we employ some artificial CDF curves
to demonstrate. Figure 8A shows a hypothetical situation in which black children’s true
risk distribution is uniform while white children’s one is right-skewed. Figure 8B shows
another hypothetical scenario with black children’s underlying risk distribution being
unimodal whereas the white children’s one skews right. In each hypothetical scenario,
the base rate is the same across races — the area above the red CDF (up to height 1) is
the same as the area above the blue CDF. Obviously, the FPR and FNR calculated for
black and white children using the shapes of CDFs as described in Fig. 8 will be different
across race. More specifically, in these two scenarios, black children will have larger
FPR and FNR. In other words, if the underlying risk distributions are relatively dissimilar
across race, the ERB condition will fail since the FPR and FNR conditions cannot both

be met.

The key point drawn from the CDF analysis as discussed above is that ERB metrics will
differ if underlying risk distributions differ, even if these risks are perfectly estimated. In
other words, ERB criteria have almost nothing to do with how well (or badly) the PRM

predicts risk. Moreover, the shape of the CDF curves directly affects the value of FPR
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and FNR. For instance, for children with a specific placement base rate, when the CDF
curves represent left-skewed distribution of placement risk (i.e., the blue curves in Fig.
8), FPR and FNR will be lower compared to when the risk distribution is unimodal or
right-skewed (i.e., the red curves in Fig. 8). In other words, when the CDF curve moves
further away from the top left corner in Fig. 5, FPR and FNR increase. This observation
helps explain why FNR, < FNR, and FPR,, < FPR, as in Fig. 2. It is because the
shape of true risk distribution for black children lies further away from the top left corner
(Fig. 5) compared to that for white children.

Ey(@) Fy(a)

Fy(a)

Fy(a)

S
>

Risk (m)

>

Risk ()

Figure 8: Hypothetical risk distribution functions for black and white children. A) shows
right-skewed risk distribution for white and uniform risk distribution for black children. B)
shows similar risk distribution for white as picture A but unimodal risk distribution for
black children.

There is a close relationship between ERB and AUC since the ROC curve is a graphical
depiction of the TPR (or 1-FNR) and FPR combinations for different cut-offs («), so it
captures the same information as the ERB data in different form. By varying alpha, we
compute TPR and TNR using the area formula in Appendix B and plot the (FPR, TPR)
combinations for each racial subgroup (Fig. 9). In particular, the estimated AUC for white
children is almost 95% (95% CI: 0.9345-0.9647), whereas that for black children is just
under 83% (95% CI: 0.7964-0.8661). This difference in AUC for black and white children

is statistically significant at a 95% confidence level.

39



0.75

name

— black_roc_curve

sensitivity
(=]
3

— white_roc_curve

0.00 0.25 0.50 0.75 1.00
1 - specificity

Figure 9: Placement ROC curves for black and white children (test set)

Recall from the previous section that ROC curves show how discriminating estimated
risks are. In other words, it shows the tool’s ability in differentiating non-placed children
from placed children based on their placement risk. Since the ROC curves basically
summarise the ERB numbers in another form, we can expect a different AUC for black
and white children given their different risk distributions, and this is confirmed in Figure
9.

In addition, our analysis in Appendix B shows that the ERB basically reflects differences
in the underlying placement risk distributions of the two race groups. However, it tells us
very little about how well the tool predicts true risk of placement. When we see different
AUC’s for black and white children, we don’t know if this is just due to (i) different
distributions of true risk, and/or (ii) the risk estimates for black children being more
“noisy”. Even if the tool predicted risk perfectly (i.e., perfectly ranked everyone in terms
of underlying risk), there would still be a huge difference in AUC and hence violation of
ERB due to the dissimilarity in the underlying placement risk distribution for black and
white children. Recall that algorithmic bias is about assessing whether the tool is better
at assessing risk for one group than another. In this sense, AUC or ERB plays little role

in evaluating how fair the tool is. Although ERB constantly appears in the literature as a
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means to assess algorithmic fairness, our analysis shows that it is mis-used. As
mentioned above, ERB is more relevant when assessing the disparate impact that the

decision causes.

In order to assess the fairness of the PRM tool in predicting placement risk, it is crucial
to understand how accurate the tool is at ranking children according to their true risk.
Recall Fig. 4: this shows systematic differences (between black and white) in the model’s
ability to predict risk. Specifically, the PRM tool overstates black children’s true
placement risk relative to white children’s true risk. Among high-risk children whose
LASSO predicted probabilities are greater than 0.8 (Table 4), white children are at
significantly higher risk of placement than black children. Table 2 shows that the
differences between black and white children’s true risk of placement are statistically

significant.

When we see significant divergence in calibration (between black and white children) at
score 20 (Fig. 2A), this could be due to (i) different conditional risk distributions over the
score 20 probability range (e.g., most white children at the top end and most black
children at the bottom) and/or (ii) systematic differences (by race) in the model’s error in
estimating risk. Black and white children who score 20 have a similar conditional risk
distribution, as shown in Fig. 10. It follows that the placement rate difference at score 20
is (mostly) due to the different mappings from LASSO probabilities to true risks. In
particular black children who are predicted as high-risk of placement by the algorithm
indeed have relatively lower risk of placement compared to similar white children. Put
differently, black children’s true risk of placement is not correctly predicted compared to
white children’s. Thus, the PRM tool is more accurate in predicting actual placement risk
for white children than it does for black. Besides, we learn from Fig. 4 that the tool mis-
ranks the children’s true risk. Specifically, a black child whose LASSO predicted
probabilities is just above the high-risk cut-off of 0.8 are at significantly lower risk of

placement than a white child whose estimated risk is just under the high-risk threshold.
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Figure 10: Conditional estimated risk distribution for black and white children who score
20

So far, we have learned that the PRM tool does not always rank children according to
their true risk of foster care placement. It is also important to know how the algorithm
orders children relative to their true risk of abuse and neglect. We use sensitive death,
which is defined in the previous section as being due to accident, violence or
maltreatment, as a proxy for severe abuse and neglect. Replicating the regressions that
we did for out-of-home placement, Table 5 in Appendix F shows that sensitive death risk
also differs by race, and the differences are statistically significant. We then estimate
black children’s true risk of abuse using the function (5) but with the dependent variable
now being the probability of the sensitive death outcome. A similar exercise is done for
white children. The model results are in Table 6 in Appendix G and the estimated

functions are depicted in Figure 11.
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Figure 11: Estimated placement risk versus actual risk of sensitive death, by race

The PRM tool can predict true abuse risk reasonably well since both curves have positive
and significant slopes (Fig. 11). However, black children who are estimated by the PRM
tool as having low-risk of placement have a higher risk of sensitive death compared to
similar white children. Conversely, the opposite bias is found for children whom the
algorithm predicts as at high-risk of foster care placement. The grey line is a steeper
slope than the black line (Fig. 11) which shows that compared to low-risk of placement
white children, high-risk white children have significant higher risk of abuse. Meanwhile,
the difference in terms of abuse risk, of low-risk and of high-risk black children are less
dramatic. Therefore, the model’s ability to discriminate levels of abuse risk for white

children is better than it is for black children.
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Figure 12: Actual placement risk versus actual abuse risk, by race.

In sum, an important lesson drawn from our analysis is that ERB or AUC plays a relatively
small role in assessing the fairness of the PRM tool. Because even if the algorithm is
perfectly precise at predicting placement, due to the difference in underlying actual
placement risk distribution, the ERB or AUC criteria will not be satisfied. Therefore, to
better assess algorithmic fairness, we need to understand if the tool mis-ranks people
according to their true risk. In the context of the studied PRM tool, we find that it is not
equally accurate in predicting placement and sensitive death risk for black and white
children. In addition, the algorithm does not correctly rank children by their true risk of
placement and abuse. More specifically, there is mis-ranking in the tool’s predictions of
children’s true risk, such that black children eligible for the Priority service tier are at lower
risk of placement and abuse than white children who are prioritised for the same service.
This finding leads us to examine more closely the quality of placement as a proxy for
child maltreatment. Figure 12 shows the correlations between actual placement and
abuse risk by race. Interestingly, the actual placement risk is a good proxy for abuse risk
(both curves are upward sloping) but the strength of the correlation varies by race and
level of risk (Fig. 12). At lower levels of placement risk, black children seem to have a
higher chance of dying because of abuse and neglect. However, when the likelihood of
placement increases, black children are placed not solely because they are at risk of
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abuse and neglect, but perhaps for some other reasons. Fig. 12 suggests that black
children can be placed in foster care home even when their child maltreatment risk is the
same as similar white children. Meanwhile, white children have to be at significant risk
of abuse for them to be removed from home.

These results suggest that there is algorithmic bias both in the ranking of children by
placement risk and also due to the proxy choice. At the high-risk cut-off of 0.8 (i.e., the
current eligible threshold to receive the most intensive services), white children’s
estimated placement risk is approximately 0.14, while for black children that risk is
relatively lower - approximately 0.1 (Fig. 4). Using Fig. 12, we determine the estimated
sensitive death risk for black children whose placement risk is 0.1 is much lower
compared to white with placement risk of 0.14. Therefore, for the eligible group, the two
forces (i.e., mis-ranking in placement risk estimation and proxy bias) are compounding
each other. Moreover, conditional on placement risk, black children suffer different risks
of abuse and neglect compared to white children (Fig. 12). As a result, precise estimation
of out-of-home placement risk still means being racially biased on child maltreatment

prediction. The next section will discuss possible reasons for these dispatrities.
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7. Mechanism of bias

According to findings from the previous section, the PRM tool does not correctly score
children according to their true risk of out-of-home placement or child abuse. In particular,
black children at lower risk of placement are more likely to be predicted as high-risk than
similar white children. More importantly, among the high-risk of placement group as
estimated by the tool, black children are at significantly lower risk of actual child
maltreatment than white children. Fig. 12 shows us that black children's placement
outcome does not guarantee that they are genuinely at risk of child maltreatment. For
white children, placement outcome is a better proxy than it is for black children. This
section will provide possible answers to the two following questions: How do the
disparities in placement risk occur for black and white children with the same risk of child
maltreatment? Specifically, why are placed black children at a lower risk of abuse and

neglect than placed white children?

Ultimately, the tool's objective is to precisely capture which children are at significantly
higher risk of abuse and neglect due to their adverse circumstances. The service
provider can intermediately support them and their families to avoid critical events from
happening. However, measuring actual abuse and neglect is neither easy nor sometimes
even possible, since the child welfare system does not have enough resources to triage
all abused children. Even if they make enough effort to investigate all possible alleged
abuse, it does not guarantee that the investigation outcomes are 100% accurate. Also,
some abuse is unreported; thus, we might have missing data for some severe
maltreatment. Abuse and neglect are very subjective unless the signature is apparent
and universally accepted. Often, child maltreatment signs are subtle and can be easily
misinterpreted. Due to the difficulty in measuring actual abuse and neglect, the tool's
designers used out-of-home placement as a proxy outcome. It can be measured
accurately and is correlated with current maltreatment as well as possible risk of further
abuse and neglect requiring CPS involvement. Thus, a key assumption is made that
children at high risk of foster care placement are also the children at significantly higher
risk of abuse and neglect. In other words, the tool's developers predict out-of-home

placement while hoping that their tool is also good at predicting child maltreatment.

On the one hand, it seems reasonable to expect a positive and robust correlation
between out-of-home placement and actual maltreatment, for several reasons. Firstly,
investigators must substantiate the abuse allegation before deciding whether to remove
the child. Moreover, the removal decision has also to be based on evidence of possible

further risk of maltreatment. In other words, collective evidence of current abuse and
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neglect and the future threat of maltreatment has to be collected before CPS workers
can decide to remove the child from the home.

On the other hand, it has been suggested broadly in the literature that placement
outcomes have differential abuse risk implications for black and white children. There
are several possible channels for such disparities to arise. First, out-of-home placement
might be subject to racial bias (Chibnall et al., 2003; Font et al., 2012). A recent study
suggests that paediatricians are more likely to evaluate and report black children with
fractures as suspected maltreatment than similar white children, especially among
toddlers (Lane, 2002). ). In this study, Lane and his colleagues also indicate that race is
often employed to diagnose child maltreatment in the hospital context further. Physicians
frequently order skeletal check-ups for black children to ensure that they do not miss any
signs of abuse. However, the same action is considered unnecessary for white children.
Therefore, the authors suggest that physical abuse among white children is easily
neglected and often under-reported (Lane et al., 2002). Several other studies also
support the hypothesis that a suspected case of physical abuse or sexual abuse
involving black children is more likely to be referred to the CPS system than a similar
case involving white children (Ards et al., 2003; Bartholet, 2009; King et al., 2017;
Lavergne et al., 2008). These results suggest that black children with maltreatment
allegations are more likely to be referred to the CPS system than their white counterparts.
Another study of drug use during pregnancy found that healthcare staff were more likely
to refer black mothers to CPS than white mothers, even though they were equally likely
to have a positive drug test (Chasnoff et al., 1990). Because reporting is a gateway to
the CPS system, if an abused white child is never referred to the system before they face
a critical incident, their abuse might never be found until they are severely injured or even
die. However, a non-abused black child who is constantly reported might make people
think they are at risk of maltreatment; thus, they might be placed in foster care homes

because of racial bias, not because of their actual risks.

According to a recent systematic review regarding the over-representation of black
children in the child welfare system, African-American children are more likely than white
children to be involved at multiple stages of contact with child protective services (Cénat
et al., 2021). Several studies found that maltreatment allegations involving black youth
are more likely to result in the case being screened-in and investigated than
maltreatment allegations involving white youth (Fluke et al., 2003; Font et al., 2012;
Harris & Hackett, 2008). Due to racial bias and discrimination, black children are more
likely to be put in foster home care and have a more extended stay than white children

who have a similar risk of abuse and neglect (Cénat et al., 2021).
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Some studies have found that race does not directly affect the risk assessment process;
however, when it comes to decision-making regarding abuse cases, race emerges as a
determining factor (Dalgleish, 2006; Dettlaff et al., 2011; Rivaux et al., 2008). In
particular, Dagleish (2006) employs a "signal detection framework" to show that decision-
makers use information associated with the present case to evaluate risk. However, the
author suggests that decision-makers' own experiences, such as perception of race, do
influence their final action (Dagleish, 2006). More importantly, their findings suggest that
case workers apply different thresholds to substantiate decisions to remove black and
white children. More specifically, case workers set a higher risk threshold to remove
white children. Thus, white children removed from their homes are at significantly higher
risk of abuse and neglect than similar placed black children (Dagleish, 2006; Rivaux et
al., 2008). Put differently, African American children in foster care homes are at lower
risk of child maltreatment than white children because the case workers apply a lower
decision threshold to remove them. As a result, maltreated white children may be under-
represented, whereas non-abused black children are likely over-represented in foster
care homes (Detlaff et al., 2011).

Second, a lack of cultural competence among child welfare workers and the racial
differences between families and their case workers could also contribute to the over-
representation of low-risk of abuse black children in the CPS system. In one study, the
authors suggest that white case workers did not have enough exposure to minority
cultures and norms and a good understanding of disciplinary practices (Chasnoff et al.,
1990). Moreover, reporters often base their referral decision on their pre-existing beliefs
of what constitutes harm and maltreatment (Font et al., 2012). Thus, acceptable physical
punishment in African-American families might look like abusive behaviours in the eyes
of reporters who come from different backgrounds or cultural beliefs. Perhaps, it explains

why black children are seen as more vulnerable than white children.

Finally, misperception toward black parents could contribute to the over-representation
of black children in foster care homes while their risks are not significantly high. Although
child protective services are set up to protect children and empower all families alike to
do better, out-of-home placement sometimes seems to work as a punitive tool to punish
minority parents for their failures in raising their children. A few studies found that child
welfare workers seem to show sympathy towards white parents and believe that white
parents can change and adopt non-abusive educational practices (Chibnall et al., 2003;
Clarke, 2011). On the other hand, McCallum and Cheng (2016) show that case workers
have less trust in Black parents' ability to change and work on new non-violent parenting
approaches. show that case workers have less trust in black parents' ability to change

and work on new non-violent parenting approaches. Moreover, black parents are
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assumed to be irresponsible, uneducated and difficult to rehabilitate. As a result, white
children are more likely to receive in-home services after being substantiated for child
maltreatment than similar black children (Needell et al., 2002; Lavergne et al., 2008).

In sum, child removal decisions could be biased due to the collective effect of all the
factors explained previously. In particular it is more likely to be upward biased for black
children and downward biased for white children. Black children with injuries and neglect-
like situations are more likely to come to the attention of both reporters and the CPS
system, whereas similar white children might be overlooked. Moreover, case workers
often set a higher threshold to remove white children from home (Dettlaff et al., 2011,
Rivaux et al., 2008). This implies that white children are only taken away from their
parents when there are apparent signs of severe abuse and neglect. Conversely, black
children's risks are frequently overestimated, and they are more likely to be taken away
from their parents for less severe abuse. Notably, even at the same level of abuse and
neglect, white children are more likely to receive in-home services to preserve family
integrity. Thus, out-of-home placement risk is a better proxy for child maltreatment for

white than for black children.
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8. Conclusion and Discussion

In closing, the PRM tool of interest is not equally accurate in predicting out-of-home
placement for black and white children. Racial bias exists in the PRM tool's placement
predictions studied in this paper. In particular we argue that there is a mis-ranking in the
tool's predictions of children's true risk, such that some black children eligible for the
Priority tier service are at lower risk of placement and abuse than some white children
who are prioritised for the same service. In addition, we suggest that the proxy choice
issue could also cause the algorithmic bias we detect. That is, conditional on placement
risk, black children suffer a different risk of abuse and neglect compared to white
children,ie., the two forces (mis-ranking in placement risk estimation and proxy bias)
reinforce each other. The compound effect is evident amongst the eligible children. Even
though placement risk is a good proxy for abuse risk for black and white children, the
strength of the correlation varies by race and level of risk. More specifically, out-of-home
placement is a better proxy for abuse for white than for black children. Furthermore, we
prove that ERB or AUC plays a relatively small role in assessing the fairness of the PRM
tool. Even if the algorithm is perfectly accurate at estimating placement risk, due to
differences in underlying actual placement risk distributions, ERB or equal AUC criteria

will not be satisfied.

Understanding that the choice of proxy variable can potentially lead to racial disparities
in the model outcome predictions prompts us to seek a less biased proxy. Although the
proxy bias issue can be fixed (Obermeyer et al., 2019), generating new proxy variables
are relatively challenging and resource-intensive. It requires deep knowledge of the child
welfare system, the ability to collect and retrieve the relevant data, and iterative
experiments. The literature posits that white children are more likely to receive in-home
services than black children even at the same level of abuse and neglect (Lu et al., 2004;
Miller, 2008). We therefore suggest using a new target variable to indicate whether the
child should receive either in-home services or out-of-home removal, after their
allegations have been substantiated. This way, we can capture more children at high-
risk of abuse and neglect. Due to limited data access, we did not test this new proxy
variable to see if it reduces racial disparities in child maltreatment predictions produced

by the PRM tool. However, this could be a subject of our future research.

Several limitations exist in our research, mainly due to our limited access to the relevant
data. The implications and conclusions of the current research rely heavily on the out-of-
home placement and sensitive death labels provided to us. If those outcomes are
incorrectly labelled, our results might be affected. We were not able to verify the accuracy

of the labelling task due to limited data access. Furthermore, we cannot retrain the model
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using sensitive death to extract predicted probabilities and compare the ranking of
children across models to see if children who are high-risk in the placement model are
also high-risk in the sensitive death model. It would be interesting to see if children’s
rankings will be changed from the out-of-home placement model to the sensitive death
one, because this comparison will help us understand further whether the current PRM
tool which predicts home removals, is also accurate in identifying children who are at
significant risk of severe maltreatment that could lead to mortality. Therefore, this is

another avenue for potential future research.
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APPENDIX

APPENDIX A

In this appendix we prove that when base rates are different across groups, the
recidivism prediction instrument (RPI) cannot achieve all three fairness conditions
simultaneously. Specifically, we show that the following equation must hold:

_ b 1-PPV
FPR =

sy (1= FNR) (6)

Suppose:
N is total number of people

TP: the number of people with high scores (S>sur ) who recidivate in the future (Y=1):

the true positives.

FP: the number of people with high scores who do not recidivate in the future (Y = 0):

the false positives.
TN: the number of people with low scores ( S<syr) and Y=0: the true negatives.

FN: the number of people with low scores and Y=1: the false negatives.

Proof:

FN+TP

The base rate of recidivism is calculated as follows: p = P(Y =1|R=71) = NTTPITNATR

TN+FP
FN+TP+TN+FP

while1l—p=P(Y =0R=71) = is the prevalence of nonrecidivism.

Total number of defendantsis: N = FN + TP + TN + FP

With false-negative rate is calculated: FNR = N _ N
FN+TP  pxN

And PPV = —%_ & FPR=—_=_™*
FP+TP FP+TN  (1-p)XN
Therefore,
1_PPV=L_1=M_1=E (8)
PPV PPV TP TP

And the ratio between recidivism rate and nonrecidivism rate is:
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p _ TP+FN

1-p  TN+FP 9

And

1-FNR=1-—N_-_T° (10)
FN+TP FN+TP

From (8), (9) and (10, we can derive (6):

p 1-PPV TP+FN FP TP FP
— (1-FNR) =

—_— —— X—X = = FPR
1-p PPV TN+FP TP FN+TP FP+TN

1-PPV
FPR, = :—ZbTVbb (1 — FNRy)(for Black people) o

w 1-PPV,, .
FPR,, = ﬁ—pwm (1 — FNR,,)(for White people)

From the system of equation (I), one can see that the base rate plays an essential role
in keeping the error rate balance across racial groups when the RPI satisfies predictive
parity and equal FNR. However, it is also an uncontrollable factor to which most
predictive models might be subject. Although the RPI meet the predictive parity criterion,
there will be large discrepancies in error rate when the base rates are significantly

different.

Appendix B
CDF proof:

Suppose we have two groups: White (w) and Black (b). There are N, people in group g

€ {w,b}. LetN=N, + N,.

A child is assigned outcome Y = 1, meaning having placement by age three, with
probability Trand Y =0 (e.g., not having placement by age three) with probability 1-1r. For
people in group g € {w, b} the distribution of risk (i.e., p values) is described by
distribution function F, with associated density f,. We choose a cut-off level of predicted
probability, a, so that 5% of the total population have probabilities are greater than a.

That is, a solves:

F,,(a)N,, + F,(a)N
W@ vt b@Ny _ o
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As explained in the section 2, the tool's designers used a quantile method to assign
children into each risk score bin. Specifically, we are interested in the top 5% highest risk
group whose LASSO predicted probability is greater than 0.8 (Table 3), or the actual
predicted probability of placement is greater than 0.122 (i.e., a = 0.122). Thus F(0.122)
~ 0.97 and F,(0.122) = 0. 89.

Thus, an individual with risk level 1T receives scores such that:

_(Hifm> a
S(Tr)_{LifnS a

For a person in group g, the probability

1 1
PI'(Y = 1|S = H) = mf Tl'fg(ﬂ')dﬂ'
g a

FPR=Pr(S=H|Y=0)=1-Pr(§=L|IY=0)=1-TNR
FNR=Pr(§=LlY=1)=1-Pr(S=H|Y=1)=1-TPR

Since {
we will focus on calculating TNR and TPR.
According to the definition of conditional probability:

PrS=H&Y=1)=Pr(S=H|Y=1)XxPY =1)=Pr(Y =1|S=H) X P(S =H)

Pr(Y =1|S=H) xP(S=H)

- TPR=Pr(S=H|Y =1) =

P(Y=1)
where,
Pr(S=H)=1-F,(a)
1
Pr(Y =1) = f nfq(m)dn

0

Thus,
1 1 1
TPR=Pr(S=HlY =1) = (Tg(a)fa ”fg(”)d”> * (1= Fyf) x W

fal nf 4 (m)dm

—-TPR=Pr(S=H|Y=1) = 1
Jo Tf g(m)dm

Note that we can use integration by parts to show the following:
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q ~ q q
f nf (mydm = mF o (m)|"=3 - f F,(m)dm = qF ;(q) — pF,(p) - f F,(m)dn
P P P

Ifp=0andq =1, we have:

J:nfg(n)dn =1- fo

This is the area above F, up to the horizontal line at height 1 in Fig. 5 the sum of the

1

1
F,(m)dm = f [1 - Fy(m)]dn
0

areas indicated by the letters A and B

If p=aandqg=1, we have:

1 1
f nfg(m)dmr=1- aFg(a)—f Fy(m)dm

1
alt - Fy(@] + 1 - a) - [ Fy(mdn

1
a[l — Fg(a)] +f [1-F4(m)]dn

This is the area above F, between horizontal lines at heights Fg(a) and 1 indicated by
the letter A in Fig. 5 Thus, the TPR for group g is the ratio of the second area over the

first: TPR = A/(A+B) hence FNR = B/(A+B)
Similar to the above proof.

Pr(Y =0[S=L)xP(S=1L)
P(Y=0)

TNR=Pr(S=LIY=0) =

Jy A —m)fg(m)dm
1-— fol nf o (m)dm

- TNR=Pr(S=L|Y=0) =

Note that: 1 — f01 f g (m)dr =1 — fol[l — Fy(m)]dm = fol Fy(m)dm. This is the area
under the distribution function F: the sum of the areas denoted by C and D in Fig. 5.
Also, ['(1 —m)fg(mdm = (1 — a)F,(a) + [} Fy(m)dm. This is the area below the

distribution function up to the horizontal line at height F, (), denoted by D in Fig. 5.

Thus, the TNR for group g is the ratio of second area over the first: TNR = D/(C+D) hence
FPR = C/(C+D).
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Appendix C

Table 1. Distribution of eligible groups by race

The Priority The Family The Universal Total
group Support group
Black 1,448 (57.2%) | 4,089 (54.3%) | 4,830 (12.7%) | 10,367 (21.6%)
White 1,082 (42.8%) 3,439 (42.7%) 33,146 (87.3%) | 37,667 (78.4%)
Total 2,530 (100%) 7,528 (100%) 37,976 (100%) | 48,034 (100%)
Appendix D

Table 3. Logistic regression on Lasso predicted probabilities for black children[left],

and white children[right].

Logit regression output (Black children) Logit regression output (White children)

Dependent variable: Dependeant variable:

Placement by age three Placement by age three

Lasso probabilities 67" Lasso probabilities 7 4%
(0.3) (0.2)
Constant 76" Constant 7.7
(0.3) (0.2)
Observations 10,367 Observations 37.667
Log Likelihood 13725 Log Likelthood -1.5745
Alatlke Inf. Crit. 27489 Alkaike Inf Crit. 31329

Note: “p<0.1: Tp=0.05; T p=0.01 Note: "p=0.1: “p=0.05: " p=0.01
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Appendix E

Table 4: Actual and transformed placement risk cut-off

Actual placement risk cut-off

Ventile risk score Lower bound actual probability Upper_bound actual probabilitv Lower bound Lasso_probability Upper bound Lasso probability

1 0 0.00058049 0.02726574 0.03271670
2 0.00058049 0.00058521 0.03271684 0.03378672
3 0.00058521 0.00058982 0.03378763 0.03473343
4 0.00058982 0.00059583 0.03473370 0.03389946
5 0.00059585 0.00060761 0.03590096 0.03782093
6 0.00060761 0.00062516 0.03782320 0.04144797
7 0.00062516 0.00064974 0.04144803 0.04555632
8 0.00064974 0.00068768 0.04555718 0.05304119
9 0.00068768 0.00079613 0.05304121 0.06927234
10 0.00079613 0.00090163 0.06927611 0.08634506
11 0.00090163 0.00111674 0.08634964 0.11615590
12 0.00111674 0.00154412 0.11619680 0.15579400
13 0.00154412 0.00246244 0.15580640 0.21503670
14 0.00246244 0.00420028 021503970 028748050
13 0.00420028 0.00754599 0.28749090 0.37158270
16 0.00754599 0.01341331 037160700 0.46199920
17 0.01341331 0.02454072 0.46200470 0.34957030
18 0.02454072 0.05221742 0.54960170 0.66423010
19 0.05221742 0.12159590 0.66431800 0.80184890
20 0.121595%0 0.41833180 0.80190950 0.96975780
Appendix F

Table 5. Logistic regression on Black variable (i.e., if the child race is black) and
Lasso predicted probabilities and interactive terms between Lasso probabilities
and race for the black and white sample (N =48,034). Note: We include race in the
conversion function from Lasso probabilities to actual abuse risk as we want to
see if the estimated true risks differ by race. Since we have other races such as
Hispanic, Native American, Asian in the full sample, we want to limit our analysis

to black and white children only.

Logit regression output

Dependent variable:

Sensitive death outcome by age three

Lasso probabilities 427
(0.3)
Black 187
(0.6)
Black*Lasso probabilities 267
(0.9)
Constant 84"
(0.3)
Observations 48,034
Log Likelihood -466.9
Alkaike Inf. Crit. 0418
Nore: “p=0.1; 7p=0.05; " p=0.01
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Appendix G

Table 6. Logistic regression on Lasso predicted probabilities for black
children(left], and white children[right].

Logit regression output (Black children) Logit regression output (White children)
Dependent variable: Dependent variable:
Sensitive death outcome by age three Sensitive death outcome by age three
Lasso probabilities 16" Lasso probabilities 4%
(0.7 (0.5)
Constant 667" Constant 84"
04 (0.3)

Observations 10,367 Observations 37.667
Log Likelihood 2199 Log Likelihood 2470
Akaike Inf Crit. 4438 Akaike Inf. Crit. 4980
Note: "p<0.1: Tp=0.05: p=0.01 Note: pe0.1: " p<0.05: " p<0.01
Appendix H

0.100

0.075
= race
2o0s0] black
% white

0.025

0.000 —

0.0 0.1 02 0.3 0.4

Calibrated (Logit) predicted probabilities

Figure 6: Empirical distribution of estimated true risks by racial group (Density plot).
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