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Abstract 
Cardiovascular disease (CVD) includes conditions affecting the heart and blood vessels, such as 

coronary artery disease, stroke, and heart failure. It is a leading global cause of death, increasing 

healthcare costs and reducing quality of life. CVD develops due to genetic, lifestyle, and 

environmental factors, making early identification and prevention essential. Accurate CVD risk 

prediction helps identify high-risk individuals, enabling timely interventions. Risk models estimate 

cardiovascular event likelihood based on factors like age, sex, smoking, diabetes, blood pressure 

(BP), and cholesterol, guiding clinical decisions and treatment strategies. 

BP is a key CVD risk factor and is widely used in risk prediction equations due to its strong 

association with cardiovascular events. Accurate BP measurement is essential, as errors can 

misclassify individuals into incorrect risk categories. These errors stem from factors such as improper 

cuff size, white-coat hypertension, observer bias, and device inaccuracies. Previous studies found 

that rounding BP to zero end-digits mostly led to overtreatment. New Zealand introduced the 

PREDICT-1 equation in 2018, but the impact of rounding on this model remains unknown. 

Automated BP measurement devices, though widely used, have inherent inaccuracies. International 

standards such as ISO and ANSI/AAMI SP10 acknowledge these errors and set acceptable 

thresholds for reliability. However, some degree of error remains unavoidable, and its impact on CVD 

risk prediction is not fully understood. Additionally, many clinical studies on device accuracy do not 

adhere to international standards, either exceeding allowable error margins or using insufficient 

sample sizes (N<85). The implications of using smaller samples remain unexplored, leading to 

inconsistencies in adherence to these criteria. 

Objective: The main objective of this research is to evaluate the impact of BP measurement errors, 

specifically rounding to the nearest zero end-digit and device inaccuracies, on CVD risk prediction 

in the NZ population. This study also aims at examining how BP measurement errors affect risk 

estimation for Māori and Pacific individuals compared to Europeans. Furthermore, this research aims 

at providing a new statistical framework to assess the impact of not adhering to the international 

standards and necessary modifications to be adapted to use smaller sample sizes. 
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Findings: The results show that even though there were slight variations in the overall Cox PH 

model predictability, there were notable changes in the risk classification. With just rounding 

approximately 4.24% of high-risk men and 3.21% of high-risk women are misclassified into lower-

risk categories. Additionally, 1.19% of men and 0.62% of women are overclassified into the 

moderate-risk group, while 0.47% of men and 0.20% of women are overclassified into the high-risk 

group. Over 5 years, these misclassifications could cost the healthcare system approximately NZD 

$1.57 million, with potential expenses reaching up to NZD $8.2 million.. After adjusting the BP 

readings for the device inaccuracies within the acceptable range, the maximum observed 

misclassification rates showed that up to 7.50% of men were overclassified into higher-risk 

categories, which is around 5.65% for women. The findings also suggest disparities among ethnic 

groups, with Māori exhibiting the highest rates of misclassification, hence increasing the risk of both 

undertreatment and overtreatment. Additionally, the results also highlight the changes in the 

acceptance region for different sample size to ensure adherence to the existing standards. The use 

of proposed methodology resulted in identifying various clinical studies not adhering to the criteria. 

Conclusion: While risk equations like PREDICT-1 play a crucial role in guiding clinical decisions 

and improving health outcomes, the continued use of measurement practices with known errors, 

without fully understanding their consequences, remains a concern. The results confirm that even 

small inaccuracies in BP measurements can lead to notable misclassification, resulting in both 

overtreatment and undertreatment, with direct implications for healthcare costs. These results 

emphasise the importance of improving BP measurement practices to enhance the accuracy of CVD 

risk prediction and ensure equitable healthcare outcomes. 
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CHAPTER 1. INTRODUCTION 
1.1 Background 
 

1.1.1 Global Impact of Cardiovascular Disease 
 

Cardiovascular Disease (CVD) refers to a group of conditions affecting the heart and blood vessels, 

including conditions such as coronary heart disease (CHD), cerebrovascular disease, peripheral 

artery disease, heart failure, congenital heart disease, and rheumatic heart disease [1]. CVD does 

not have a specific aetiology. The principal cause of CVD is atherosclerosis, characterised by the 

accumulation of fatty plaques on arterial walls, which consist of fat, cholesterol, calcium and various 

other components [2]. As time progresses, the plaques harden, constricting the opening of the 

arteries and impeding blood circulation as represented in Figure 1. The plaques tend to rupture over 

time, resulting in a thrombus (blood clot) that can restrict or completely obstruct blood flow throughout 

the body [3].   

Figure 1: Progression of atherosclerosis, the primary cause of CVD. Source: The Heart Foundation, Atherosclerosis (2018). 

 

https://www.hri.org.au/health/learn/cardiovascular-disease/atherosclerosis-causes-and-risk-factors
https://www.hri.org.au/health/learn/cardiovascular-disease/blood-clots
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Figure 2: Leading global causes of death in 2024, highlighting cardiovascular diseases as the top cause with 19.4 million deaths, 
followed by cancers and COVID-19. Data source: IHME, Global Burden of Disease (2024). 

CVDs are the predominant cause of premature death and morbidity among non-communicable 

diseases globally. Figure 2 illustrates the global burden for the year 2024, which highlights CVD 

being the leading cause of worldwide mortality, followed by cancers, COVID-19 and respiratory 

illnesses among others [4].  

More than three quarters of global fatalities result from CVDs, predominantly in low- and middle-

income nations, with an anticipated increase to over 23 million by 2030 from the current annual total 

of over 17 million deaths worldwide [5]. This difference in low- and middle-income nations is 

influenced by several variables, including restricted access to healthcare, less awareness of CVD 

risk factors, and an increased prevalence of risk factors such as hypertension, diabetes, and tobacco 

consumption [6]. Moreover, most CVD fatalities result from heart attacks and strokes, accounting for 

about 85% of deaths [7][5]. 

According to the 2021 World Health Organisation (WHO) factsheet, ischemic heart disease (IHD) 

and stroke have been the predominant causes of mortality for the past 21 years ( Figure 3) [8], both 

of which are types of CVD. In the United States (US), it is estimated that around 1.54 million 
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individuals over the age of 20 years have IHD, constituting 6.4% of the population (7.9% of men and 

5.1% of women). CVD is estimated to account for 4 million deaths annually in Europe, representing 

47% of total fatalities [9]. Globally there are 12.2 million new strokes annually, which is equivalent to 

one stroke occurring every 3 seconds [10].  

 

1 Figure 3: Trends in the global top 10 causes of death from 2000 to 2019, illustrating the shift from communicable diseases. 
Source: WHO 

CVD is also a major factor in chronic disability. Individuals who survive CVD events frequently have 

prolonged health repercussions, encompassing diminished quality of life and increased susceptibility 

to subsequent occurrences [6]. The chronic nature of CVD places a significant strain on healthcare 

systems, requiring continuous treatment, medication, and rehabilitation services, especially in 

ageing populations with a higher prevalence of CVD [11]. 

A study conducted in 2011 by the World Economic Forum and Harvard School of Public Health 

emphasises the significant economic burden of CVD, which incurs substantial healthcare 

expenditures worldwide like hospital care and medications. In 2010, the global expenditure on CVD 

 
1 Solid lines represent movement within the top 10 causes of death. Dashed lines represent movement in or out 
of the top 10 causes of death. 
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was estimated at $863 billion US Dollars (USD) with projections indicating a 22% increase to $1,044 

billion USD by 2030, disproportionately impacting low- and middle-income countries, where 

healthcare resources are more limited, resulting in greater challenges in managing the disease and 

its long-term consequences. The economic impact of CVD transcends healthcare expenditures, 

influencing overall economic stability and growth, especially in countries with limited healthcare 

resources to address the rising incidence of the disease [12].  

CVD also poses a social and psychological influence. Chronic diseases such as heart disease and 

stroke frequently induce significant emotional and psychological distress, affecting both patients and 

their caregivers, leading to anxiety, depression, and social isolation[13]. A study examining the 

relationship between psychological distress and health perception in patients with a previous 

myocardial infarction (MI) involved 2436 patients with a history of MI or stroke [14]. Their findings 

indicate a significant association between psychological distress and poor health perception in 

survivors of CVD. Patients with a history of previous MI or stroke, who experience anxiety or 

depression have lower odds of reporting a positive perceived health status compared to their 

counterparts without these mental health conditions. The likelihood of positive health perception was 

48% lower for those with anxiety and 55% lower for those with depression in post-MI patients. 

Similarly, post-stroke patients with anxiety had 39% lower odds, and those with depression had 63% 

lower odds of positive health perception [13]. 

1.1.2 Burden of CVD: The New Zealand perspective 

In New Zealand (NZ) CVD is one of the leading causes of mortality [15]. Almost one in 21 adults 

suffer from CVD [16] and every 90 minutes, a New Zealander succumbs to the condition[15]. As of 

2023, approximately 180,000 people are presently living with heart disease [17].  Figure 4 illustrates 

the ten leading causes of mortality in NZ. IHD, a type of CVD, is the primary cause of death in the 

country, followed by stroke. Recent mortality numbers indicate that in 2017, IHD accounted for 41% 

of female deaths and 59% of male deaths [18].  

CVD has been increasing in recent years, partly due to the growing prevalence of lifestyle-related 

conditions such as obesity, diabetes, hypertension and smoking, which are some of the key risk 
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factors for CVD[19]. Approximately 1.26 million adults in NZ are classified as obese defined as 

having a Body Mass Index (BMI) of 30 or more [16].  

Obesity is a primary contributor to insulin resistance, often leading to the development of type 2 

diabetes, which substantially increases the risk of CVD [20][21]. Currently, around 5% of the overall 

population is affected by type 2 diabetes, with projections indicating an increase to 7% by 2040, 

equivalent to an estimated 430,000 individuals with the condition [22]. The prevalence of diabetes is 

highest in older demographics, approximating 15 – 20% among individuals over 65 years; yet there 

is a rising incidence among younger populations in NZ [23]. Data from the Ministry of Health indicates 

rise in the incidence of type 2 diabetes among those aged 30 to 39 years, with rates nearly doubling 

from 2006 to 2018. Māori, Pacific and South-Asian ethnicities, as well as individuals from lower 

socioeconomic backgrounds, experience disproportionately higher rates of obesity and type 2 

diabetes. The prevalence of diabetes among Māori and Pacific individuals aged 25 to 39 years is 

almost two to three times greater than Europeans [24].  

Figure 4: Top causes of death in 2019 in New Zealand. Source: WHO. 
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Active smoking and exposure to second-hand smoke determine more than 30% of CHD 

mortality.  Approximately 5,000 people die from smoking every year in NZ [25]. Female smokers 

have a higher mortality rate from CVD compared to male smokers, and they possess a 25% 

increased risk of developing CHD, relative to males with equivalent tobacco exposure [26]. In 

addition, CVD is a significant contributor to declining health among Māori population and contributes 

to health disparities in NZ concerning both ethnicity [27], [28] and socioeconomic status [29]. 

High blood pressure (BP) is a major issue affecting 1 in 5 adults in NZ causing long-term arterial 

damage. It is a major risk factor for heart conditions and CVDs like CHD, stroke, MI, diabetes and 

heart failure [30].  

In 2022, CVD accounted for roughly 11,900 fatalities and 183,000 disability-adjusted life years  in 

NZ [31]. The financial impact of CVD on the healthcare system is expected to be roughly 3.3 billion 

New Zealand Dollar (NZD) each year. The economic loss attributable to CVD in NZ is estimated at 

NZD 614.88 million annually, representing 15.6% of the overall income loss from all diseases [32] .  

1.2 Prevention of CVD 

1.2.1 Lifestyle change via CVD risk prediction equations 

An individual's risk of future cardiovascular events can be reduced through lifestyle changes and 

preventive medical interventions. Lifestyle modifications may encompass reduction of smoking, 

adherence to a nutritious diet, and consistent physical activity, among others [33], while preventive 

medical interventions may encompass statins, low-dose aspirin, and antihypertensive therapy, 

among others. Consequently, predicting an individual patient's risk is crucial for determining the 

appropriate lifestyle modifications and preventative medical interventions [34].  

Various risk models have been established to predict the CVD risk of individual patients. Examples 

include the Framingham Risk Score (FRS), Pooled Cohort Equations (PCE), Systematic Coronary 

Risk Evaluation (SCORE) and QRESEARCH cardiovascular risk algorithm (QRISK) [35], [36], [37]. 

In 2018, NZ formulated its own CVD risk prediction equation, known as PREDICT-1 equation which 

assesses an individual's likelihood of experiencing a CVD event within five years[38]. These 
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equations were developed using the PREDICT cohort, an ongoing open cohort study conducted in 

NZ. The cohort enlists people following the completion of standardised CVD risk assessments and 

the equations were formulated via a survival analysis approach, accounting for several risk factors 

such as: 

1) Age 

2) Ethnicity 

3) New Zealand Deprivation Index (NZDep) 

4) Ex-Smoker 

5) Current Smoker 

6) Family History of premature CVD 

7) Atrial Fibrillation 

8) Diabetes 

9) Systolic Blood Pressure (SBP) 

10) Total Cholesterol to High-Density Lipoprotein Cholesterol (TC: HDL) 

11) BMI 

12) On BP lowering medication 

13) On lipid lowering medication 

14) On either antiplatelet or anticoagulant medications. 

1.2.2 Blood Pressure measurement 

1.2.2.1 Importance of Blood Pressure Measurement 

To date, all CVD risk equations published by different countries for various ethnically diverse 

populations have found BP as a significant variable in predicting CVD risk [39], [40], [41]. BP 

measurement returns two values, for instance, 130/90 mmHg. These values are systolic blood 

pressure (SBP) and diastolic blood pressure (DBP) values, respectively. SBP is deemed a better 

predictor as it is highly correlated with mortality rate due to heart diseases and stroke [42].  

SBP is also considered a significant predictor in the PREDICT-1 CVD risk equations, developed in 

NZ. It is included as a continuous variable, with Hazard Ratios (HRs) calculated per 10 mmHg 
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increase. SBP also interacts significantly with age and BP lowering medication use in the PREDICT-

1 equation [38].  

1.2.2.2 BP measurement Techniques 

The techniques of BP measurement can be divided into two categories: Direct (invasive) and indirect 

(non-invasive) [43]. The invasive intra-arterial cannulation technique yields the most accurate beat-

to-beat BP measurements, considered the gold standard in BP monitoring. This approach requires 

an invasive catheter to directly engage with blood flow, while the pressure transducer transforms the 

mechanical signal generated by BP into a real-time electrical signal. Ultimately, the electrical signal 

is conveyed and presented as a pulse waveform to the physicians [44]. Although the invasive 

approach effectively and reliably reflects real-time intravascular pressure, its high cost, professional 

operational demands, and potential risks to patients restrict its applicability. It is particularly 

inappropriate for home-based surveillance. Consequently, it is typically utilised in Intensive Care Unit 

(ICU) environments[43]. 

A sphygmomanometer, also referred to as a BP monitor or BP gauge, is a traditional cuff-based 

device, which is non-invasive, for measuring BP. The traditional manual auscultation method utilises 

three elements: an inflating cuff, a stethoscope, and a measuring device (either aneroid gauge or 

mercury manometer). The operational principle is inflating the cuff encircling the artery (in the arms 

or legs) to obstruct blood flow. During the gradual deflation of the cuff, the SBP is identified at the 

initial occurrence of the Korotkoff sound, while the DBP is conventionally noted at the point where 

the fourth Korotkoff sound is faintly discernible to skilled professionals using a stethoscope [45]. This 

conventional manual sphygmomanometer remains utilised in certain clinical contexts owing to its 

adequate accuracy, lower cost, and non-invasive nature. The necessity for skilled staff to operate 

the sphygmomanometer restricts its application in domestic environments [46].   

Although invasive BP measurement techniques are deemed more precise, non-invasive methods 

are favoured in most clinical environments [47]. However, this method introduces a degree of error 

in BP measurement, such as overestimating BP in patients with higher BMI due to improper cuff size 

[48].  
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As a result, established standards, such as American National Standards Institute/ Association for 

the Advancement of Medical Instrumentation (ANSI/AAMI) SP10 and the International Organization 

for Standardization (ISO) [49], outline the performance requirements and validation procedures for 

non-invasive blood pressure measurement devices. These criteria outline an acceptable error range 

and establish a threshold for the number of individuals required to assess the inaccuracy of 

automated cuff-based BP devices. These BP errors are in the form of mean error and standard 

deviation (SD) of the error. The standard assumes that errors follow a normal distribution, with the 

mean error representing the average deviation from the true value. The maximum allowable SD can 

range up to 6.95 mmHg when the mean error is 0 mmHg, indicating the acceptable level of variability 

in the device’s measurements. This threshold ensures that the BP device provides accurate and 

consistent results within the specified limits. 

1.3 Research gaps 

1.3.1 Impact of different sources of BP errors 

BP measurements are subject to errors such as inappropriate patient positioning, white coat effect, 

improper cuff-size, excessive deflation rate and rest period before measurement [50]. As a result, 

there are procedures in place which must be considered by an expert professional before measuring 

a patient’s BP. Despite these procedures and acceptable accuracy ranges for BP measurement 

devices, outlined by the international standards the inaccuracies in BP measurement cannot be 

entirely avoided. Consequently, even if the measurement errors are within the acceptable range, 

they can still have significant implications for clinical decision-making and patient outcomes. The 

impact of these errors that arise due to the use of automated cuff-based BP devices, particularly on 

CVD risk prediction in NZ, remains largely unexplored, and further investigation is needed to 

understand their role in clinical practice. 

Another common source of error observed while measuring BP is the zero end-digit preference, 

while using a manual sphygmomanometer [51]. It is a tendency to round the BP measurement to the 

nearest zero end-digit, which is a common practice in the clinical setting [52]. Previous work on the 

impact of zero end-digit preference on classification of patients for management in primary care in 
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NZ have utilised three CVD risk equations from other countries. However, the extent to which errors 

in BP measurements lead to shifts in predicted CVD risk or their impact on CVD outcomes, when 

using the PREDICT-1 equation specifically tailored to the NZ population, remains unknown. There 

is also a lack of comprehensive analysis regarding the resulting healthcare burden due to these 

misclassifications.  

The PREDICT-1 equation is currently being used to stratify patients into three risk categories (<5%, 

5-15%, and >15%) as established by the Ministry of Health [53]. These risk categories guide 

clinicians in recommending appropriate interventions, setting goals, and planning follow-up care 

based on the assessed cardiovascular risk. Thus, this research also examines the impact of BP 

measurement inaccuracies on the misclassification of patients into various CVD risk groups within 

New Zealand’s diverse population.  

1.3.2 Non-Adherence to the existing standards 

While reviewing the range of BP device inaccuracies, it was identified that clinical studies frequently 

fail to comply with the standards that outline requirements for device testing [54]. However, currently, 

formal clinical validation is not mandated in all countries for BP measurement devices, with evidence 

indicating that less than 20% are validated according to established methods [55]. The growing use 

of out-of-office BP monitoring in clinical practice, predominantly conducted with electronic devices, 

alongside the gradual substitution of auscultatory devices in offices or clinics with electronic 

alternatives, has crucially rendered clinical validation more essential nowadays [56], [57].  

According to ISO, validation of BP measurement device requires a minimum sample size of 85 

participants to evaluate the inaccuracy of BP devices. Also, it mandates that at least 85% of BP 

errors must lie within −10 to 10 mmHg. This range is also termed as a tolerable error limit and 

includes procedures such as using appropriately sized cuffs and ensuring correct patient posture 

during measurements. Keeping these protocols under consideration requires that the mean error 

and SD of the error must be within an acceptable limit as specified by the standard.  

Examining clinical studies on BP measurement device errors revealed variations in reported 

inaccuracies. Some studies applied acceptable limits set for 85 or more samples, despite using 
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smaller sample sizes. For example, a novel calibration procedure using pulse transit time based BP 

measurement provides device inaccuracy within the acceptable range but using 10 participants. Still, 

these studies are considered in clinical studies because of the lack of information on variations in 

the acceptance limits for varied sample sizes. In some cases, collecting 85 samples may not be 

feasible, such as when working with populations affected by a rare disease or a specific age group 

[58].  

To facilitate comparisons between studies using the required sample size (N=85), the standard 

provides the probability of accepting a device based on different combinations of mean and SD of 

errors. The probability of accepting a device in this context refers to the probability that a device will 

pass the performance criteria specified by the standard, under the assumption that all the procedural 

requirements of BP measurement are met. For a given sample size N=85, this involves determining 

the probability that at least 85% of the BP measurement errors fall within the range of -10 mmHg to 

10 mmHg. 

This probability is determined using uncertainty analysis via quadrature. Quadrature is a method 

used to approximate the combination of uncertainties from independent variables by summing their 

variances. In the standard, quadrature is applied to evaluate the SD of the probability distribution for 

tolerable error by combining the variances of the mean error and variance components. The result 

is expressed as the square root of the sum of their variances, weighted by partial derivatives, 

providing a measure of the overall uncertainty in the estimated probability of a tolerable error. This 

SD is expressed as:  

𝑆𝐷𝐼𝑆𝑂 =
1

√2𝜋(𝑁 − 1)
 

(1)  

However, these evaluations were based on approximations, that solely relied on the sample size 

without accounting for the influence of the mean and the SD of the BP errors.  

1.4 Research objectives 
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The main goal of this research is to investigate the influence of inaccuracies in BP measurement on 

CVD risk prediction in NZ focussing on two prevalent sources of error: rounding errors and 

BP measurement device inaccuracies. Rounding errors have been previously examined in NZ using 

CVD risk equations developed in other countries. Hence, this study expands upon earlier research 

by assessing the impacts of rounding errors on the CVD risk prediction in NZ using the PREDICT-1 

equation, specifically designed for the NZ population. The BP device inaccuracies, on the other hand, 

were selected due to the existence of international standards that specify the acceptable error limits 

for device inaccuracy. However, the impact of these acceptable errors on the overall CVD risk 

prediction and consequently on treatment decisions in NZ, remains unknown. To assess the 

economic burden resulting from these sources of BP errors, the research aims to evaluate the cost 

of CVD risk assessments specific to NZ. The results highlight the significance of precise BP readings 

in improving patient treatment associated with CVD mismanagement.  

This research also investigates the impact of varying sample sizes on the acceptance limits for BP 

devices, particularly in cases where the standard requirement of N=85 participants is not met. The 

study introduces a comprehensive methodology aimed at enhancing the evaluation of the probability 

of accepting a device. This approach incorporates both the mean error and the SD of BP 

measurement errors, allowing for a more nuanced comparison of studies that report differing device 

inaccuracies across varying sample sizes.  

The following objectives support the main goal of the study: 

1. To analyse the impact of rounding BP measurements to the nearest zero end-digit on the 

CVD risk prediction in NZ 

2. To analyse the impact of BP measurement device inaccuracy on the CVD risk prediction in 

NZ 

3. To describe the potential effect of the prevalence of errors in SBP on the adjusted risk of 

different ethnic groups (European, Māori and Pacific). 

4. To establish a framework to enable comparisons of different methodologies/algorithms being 

used to develop BP devices. 
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5. To assess how the BP device acceptability varies for different BP measurement devices and 

offer recommendations to perform adjustments to adhere to the standards. 

1.5 Thesis synopsis 

The thesis is composed of seven chapters. Chapter 2 systematically reviews previous CVD risk 

equations along with the one developed in NZ, which is currently being used for CVD management, 

highlighting the guidelines and interventions proposed by the government health body. It also 

highlights the importance of BP in CVD management and reviews previous research on different 

sources of BP measurement errors and their potential impacts along with a detailed summary of the 

international guidelines for clinical validations involving BP measurement devices. 

Chapter 3 analyses the impact of rounding BP error values on the prediction of CVD risk within the 

NZ population. By comparing datasets with original and rounded SBP values, it evaluates the 

misclassification rates, model estimates in the form of HRs and their implications for clinical 

decisions. This chapter also includes a detailed financial cost analysis detailing an estimated burden 

on the healthcare sector due to these misclassifications. The findings emphasise the importance of 

precise SBP measurements in reducing risk misclassification and ensuring efficient resource 

allocation for targeted interventions and optimal patient management. 

This chapter has been published under the name “Zero End-Digit Preference in Blood Pressure and 

Implications for Cardiovascular Disease Risk Prediction—A Study in New Zealand” in the journal 

“Journal of Clinical Medicine” (Q1, Impact Factor: 3.0, Database: Clarivate, Metric: JCR and Journal 

Category: Medicine). 

Chapter 4 explores the impact of inaccurate BP measurement devices, within the allowable 

standards, on the CVD risk prediction in NZ. Simulations are performed for different ranges of BP 

errors, which are assumed to be normally distributed. The analysis results in comparison of 

misclassification rates arising from errors in observed BP due to device inaccuracies. Financial 

consequences due to these misclassifications are also studied, emphasising the need for stricter 

device standards. 
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Chapter 5 performs analysis to evaluate the impact of BP measurement errors from inaccurate 

devices on CVD risk prediction across Māori, Pacific, and European populations. Māori and Pacific 

individuals, being at higher risk for CVD, are particularly affected by misclassification due to these 

errors. A simulation study was conducted using the highest allowable SD of 6.95 mmHg to quantify 

misclassification rates across three risk groups and assess changes in CVD risk for various risk 

factors. The results emphasise disparities in misclassification and its implications for different ethnic 

groups. 

Chapter 6 introduces a new methodology based on the sampling distribution of sampling proportions 

to study the impact of BP measurement errors for different sample sizes. This approach presents 

the fundamentals to compute the probability of a device meeting international standards, allowing 

for comparisons between technologies used in studies with smaller sample sizes. It helps in 

understanding how different sample sizes affect the likelihood of meeting acceptable BP error 

criteria, offering insights into device performance in real-world settings. 

This chapter has been published under the name “Blood Pressure Measurement Device Accuracy 

Evaluation: Statistical Considerations with an Implementation in R” in the journal “Technologies” (Q1, 

Impact Factor: 4.2, Database: Clarivate, Metric: JCR and Journal Category: Engineering). 

Chapter 7 summarises the academic contribution of this thesis and discusses potential future work 

with an emphasis on exploring other sources of BP errors and ways to mitigate them for better CVD 

outcomes for the NZ population. 

It has to be noted that there will be some inevitable replication of information such as international 

standards statistical considerations and CVD guidelines from the Ministry of Health, due to the fact 

that this thesis is written in the paper-based format with Chapter 3 and Chapter 6 already published 

and Chapter 4 and Chapter 5 ready to be submitted. 
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CHAPTER 2. LITERATURE REVIEW 

2.1 Overview 

This chapter provides the foundations of CVD risk prediction and its relationship with BP 

measurement errors. It commences with a review of CVD risk prediction equations developed in 

other countries and those currently being employed in NZ. 

The modelling relationship between BP and CVD is examined in detail, followed by a comprehensive 

explanation of various sources of BP measurement errors. The primary emphasis is on the errors 

arising from automated cuff-based BP measurement device inaccuracies and due to rounding to the 

nearest zero end-digit. However, additional sources of BP measurement errors are briefly addressed 

to provide broader context. The section also discusses international standards for allowable error 

ranges, a brief review of previous studies that fail to meet these criteria, and the implications of these 

errors for healthcare. 

2. 2 CVD Risk Prediction Equations 

Prediction models support decision-making and clinical reasoning by providing risk estimates based 

on patient-specific factors, enabling personalized care, risk stratification [59]. Treatment decisions 

are built based on the probability of an individual experiencing a cardiovascular event within a 

specified timeframe [60]. Understanding the risk level enables an individual and their practitioners to 

make informed decisions regarding the prevention and treatment of CVD, encompassing lifestyle 

recommendations, diabetes management, the prescription of lipid-modifying and antihypertensive 

medications, and/or post-MI or ischaemic stroke pharmacotherapy [61].  

For over twenty years now, risk prediction equations have served as the foundation for CVD 

prevention programmes and have been utilised to transform data on various risk variables into a 

single estimate of a person's chance of having a heart attack or stroke during a certain time period 

[62]. Expert systems [63], regression analysis [64], fuzzy logic and rough sets [65], data mining [66], 
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and other approaches have been used to generate CVD risk prediction models. with regression 

analysis being the most common approach. Linear regression, binary logistic regression, and 

polynomial regression models are only a few of the methodologies accessible but in the field of 

clinical studies, survival analysis is a widely used statistical tool for predicting CVD [64].  

Table 1: Region-specific CVD risk assessment tools and corresponding risk stratification criteria. 

Region Risk Assessment Tool Risk Categories Reference 

United States • Framingham Risk 

Score 

• Pooled Cohort 

Equations 

• PREVENT Equations 

<10% 

10-20% 

>20% 

[67], [68], 

[69] 

Europe SCORE <1% 

1-5% 

5-10% 

>10% 

[37] 

United Kingdom QRISK <10% 

10-20% 

>20% 

[70] 

New Zealand PREDICT-1 <5% 

5-15% 

>15% 

[38] 

 

The primary application of CVD risk prediction equations is to classify individuals into distinct risk 

groups, which helps guide preventive and treatment strategies. Across countries, such risk groups 

are defined distinctly based on the estimated probability of experiencing a cardiovascular event 

within a specified timeframe. The thresholds for these groups vary depending on each country’s 

assessment strategies, population characteristics, and healthcare priorities. Table 1 summarises the 

CVD risk categories established by various countries, highlighting the diversity in approaches to 
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managing cardiovascular risk globally. A detailed explanation of these equations is provided in 

subsequent subsection. 

2.2.1 Framingham Risk Score 

The original Framingham Risk Scores (FRS) were developed in 1998 using a population-based 

sample of the original Framingham Cohort, conducted in the US during a span of 10 years. The FRS 

were used to predict the 10-year CHD of an individual using the risk factor categories and were 

included in the Adult Treatment Panel's Third Report of the National Cholesterol Education Program 

(Adult Treatment Panel III), establishing risk assessment for primary prevention. In 2001, FRS 

became an essential component for risk prediction [71], although this framework was not widely 

adopted in primary care settings due to the lack of a single equation that could assess the patient's 

risk for all CVD events. This led to the development of an updated Framingham Risk equation in 

2008 using Cox Proportional Hazard (Cox PH) models. The updated equation provides a single 

multivariate risk assessment tool to assess 10-year CVD, cerebrovascular events, peripheral artery 

disease, and heart failure [72]. The model included SBP and hypertension therapy as risk factors, 

both of which were highly significant in the overall prediction. Initially, DBP was employed, but its 

insignificant effects in the overall model led to the exclusion of DBP from further analysis.  

2.2.2 Pooled Cohort Equation 

The Framingham Risk Equation was developed using a population sample of middle-aged white 

Americans. In 2013, another CVD risk prediction equation, referred to as the Pooled Cohort Equation 

(PCE), was developed using cohorts predominantly representative of the whites and African 

American populations in the US. PCE are nowadays employed to predict the 10-yearAtherosclerotic 

CVD , defined as the first incidence of non-fatal MI, CHD related death, or fatal or nonfatal stroke in 

the US. Although, PCE was built on the previously developed FRS, they also include several 

ethnically and geographically varied datasets to improve the overall model's predictive capability 

[36]. 

While numerous studies have evaluated the performance of PCE, the results have not been 

conclusive. Some found acceptable calibration, and others found overprediction [73]. These studies 

https://en.wikipedia.org/wiki/Stroke
https://en.wikipedia.org/wiki/Peripheral_artery_disease
https://en.wikipedia.org/wiki/Peripheral_artery_disease
https://en.wikipedia.org/wiki/Heart_failure
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suggested that the PCE equations may incorrectly estimate risk in the non-US population [74]. 

Additionally, even within the US, the effectiveness of the PCE equations can be influenced by ethnic 

diversity, potentially leading to less precise predictions for certain demographic groups. 

2.2.3 PREVENT Equation 

The PREVENT equation also known as the Predicting Risk of CVD EVENTs equation is a new 

approach to CVD risk assessment. Unlike PCE which primarily aim to predict 10-year Atherosclerotic 

CVD risk in adults aged 40 to 79, the PREVENT equations broaden the risk prediction to encompass 

younger adults, starting from age 30, providing both 10-year and 30-year CVD risk assessments. 

The development and validation of the PREVENT equation included almost 6 million adults from 

both traditional cohort studies as well as real-world clinical data derived from electronic medical 

records[75]. 

The PREVENT equation incorporates a revised and more comprehensive group of risk factors for 

the sex-specific base models. Moreover, the PREVENT equations allow for the incorporation of 

glycated haemoglobin (HbA1c) and urine albumin-creatinine ratio, along with a social deprivation 

index in optional models when such data is accessible. These additional variables have improved 

the accuracy of risk prediction, offering a more comprehensive assessment of CVD risk. Over a 

median follow-up of approximately 5 years, investigators found that the base model for PREVENT 

equations had good discrimination for total CVD events in women (2C-statistic=0.794) and men (C-

statistic=0.757), and marginally better discrimination relative to PCE for women (ΔC-statistic=0.005) 

and men (ΔC-statistic=0.010)[69].  

However, these three equations were developed with the US population in consideration, potentially 

leading to inaccurate risk estimations for population with differing ethnic backgrounds. As a result, it 

was recommended that other countries develop their own risk score algorithms tailored to their 

 
2 The C-statistic (also known as the Concordance Index or C-Index) is a measure used to evaluate the 
discriminatory ability of a survival model. It quantifies the model's ability to correctly rank individuals based on 
their predicted risk of an event, such as a cardiovascular event. The C-statistic reflects the probability that, for a 
randomly selected pair of individuals, the one with a higher predicted risk will experience the event first. 
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population and ethnic diversity [76]. This contributed to the development of region-specific 

modifications, such as SCORE in Europe, QRISK in the UK, and PREDICT-1 in New Zealand.  

2.2.4 SCORE model 

The SCORE (Systematic Coronary Risk Evaluation) model project was initiated by the European 

Society of Cardiology to develop a risk assessment framework for managing CVD in European 

clinical settings. The data from twelve European cohort studies was analysed involving 205,178 

individuals and 2.7 million person-years of follow-up [77].  

The risk assessment charts were generated for high and low risk European regions, evaluating the 

10-year risk of fatal CVD using two models: one based on total cholesterol and the other on the 

cholesterol/HDL ratio. These charts visually represent the 10-year risk of fatal CVD for individuals in 

different European regions. They allow clinicians to quickly estimate risk based on key factors like 

total cholesterol or the cholesterol/HDL ratio, facilitating informed decision-making for patient care. 

The risk charts were specifically designed for the primary prevention of CVD [37]. 

2.2.5 QRISK  

QRISK is a prediction equation for CVD in UK, considering traditional risk factors such as age, 

ethnicity, smoking status and medical history. It was developed in 2007, employing existing risk 

variables such as age, smoking status, SBP and TC: HDL for CVD, as well as family history, 

antihypertensive treatment, and BMI. The QRISK algorithm was developed using a validated clinical 

research database, called QRESEARCH database, comprising of routinely acquired data from 

general practitioner clinical computer systems [78].  

The modelling framework behind QRISK equation is derived from a cohort of 1.28 million patients, 

aged 35-74 years, registered at 318 practices between January 1, 1995, to April 1, 2007. A Cox PH 

model was employed to analyse the data and estimate the coefficients associated with the risk factor 

to predict CVD risk. In comparison to the previously used Framingham Equation, the current equation 

provided better predictions, as the Framingham equations overestimated the 10-year risk by 35% 

[70]. 
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2.2.6 PREDICT-1 Equation 

Due to the absence of a local cohort study, NZ’s first national CVD risk factor management guidelines 

were developed using the FRS in 1990s. In 2002, a computerised decision support system was 

developed to assist general practitioners in implementing the national guidelines, while also 

generating a cohort study, also called a PREDICT cohort, to assess the applicability of the 

Framingham equation to NZ’s ethnically and socioeconomically diverse 21st-century population[79]. 

The CVD risk equation for the NZ population was first developed in 2018, also known as the 

PREDICT-1 equation, using the PREDICT cohort [80]. PREDICT is an ongoing open cohort study in 

NZ and recruits participants post-completion of standardised cardiovascular disease risk 

assessments. The PREDICT-1 equations were adjusted further including BMI as one of the variables 

in 2018 and released for implementation in 2019 [81]. These equations are used to classify patients 

into three risk groups (<5%, 5-15% and >15%) for CVD risk assessments which is pivotal to guide 

decision making and management in primary care patients in NZ. The recommended interventions, 

goals and follow-up based on CVD risk assessment is explained in Table 2. 

Table 2: Suggested interventions, goals, and monitoring strategies tailored to CVD risk levels [82]. 

Risk 

Category 

5-year CVD 

risk  

Recommended Intervention & 

Goals 

Follow-up 

Low Risk <5% • Medication management is 

generally not recommended. 

• The focus is on lifestyle 

modifications, including a 

healthier diet, more physical 

activity, and quitting smoking. 

Reassessment 

in 5-10 years 

 

Moderate 

Risk 

5-15% • Lipid-lowering and blood 

pressure-lowering medications 

are recommended for managing 

CVD risk in patients. 

Reassessment 

every 2-5 

years 

https://www-sciencedirect-com.ezproxy.aut.ac.nz/topics/medicine-and-dentistry/cohort-analysis
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• Special consideration is given to 

prescribing these medications 

for individuals with higher risk 

levels. 

High Risk >15% • Treatment with lipid-lowering 

and blood pressure-lowering 

medications is strongly 

recommended. 

• This group is considered to have 

a risk level comparable to those 

with existing CVD. 

Annual 

reassessment 

 

2.2.6.1 Outcome Variables 
 

An outcome variable, also referred to as the dependent or response variable, is the key variable that 

the model used for the development of PREDICT equation aims to predict. The outcome variable 

typically represents the event or condition that the model is examining, such as the occurrence of a 

disease, death, or other health-related event. The primary outcomes in the PREDICT study to 

measure CVD risk include the following [83]:  

1. Myocardial infarction - A myocardial infarction (MI), commonly referred to as a heart 

attack, occurs when blood supply to the heart muscle decreases or stops, resulting in 

infarction i.e. the death of the tissue, of the heart muscles [84]. In 2015, around 15.9 million 

of MI cases were noted globally [85]. Over 3 million individuals experienced a ST elevation 

MI, whereas over 4 million suffered from a non-ST elevation MI [86]. This condition occurs 

approximately twice as frequently in men compared to women [87].  

2. Unstable angina – Unstable angina is a condition characterised by unpredictable chest pain 

or discomfort which is triggered more easily than usual. It is characterised as a kind of acute 

coronary syndrome, which includes heart conditions resulting from reduced blood supply to 
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the heart [88]. Distinguishing unstable angina from non-ST elevation myocardial infarction 

(NSTEMI) can be difficult, as both conditions exhibit similar symptoms. The fundamental 

difference is whether the ischemia causes significant heart muscle damage to release 

detectable levels of biomarkers, such as troponin T or troponin I, into the bloodstream which, 

if present, categorises the condition as NSTEMI [89]. 

3. Other coronary heart disease – These include  

a. stable angina is characterised by chest discomfort linked to physical activities such 

as running or walking with minimal symptoms at rest. Symptoms subside few minutes 

post-activity and re-emerge when activity resumes [90]. 

b. variant angina, like unstable angina, can occur at rest or during sleep due to a 

temporary spasm in the coronary arteries [91]. 

4. Ischaemic stroke – An ischaemic stroke occurs when blood flow to the brain is obstructed, 

resulting in insufficient oxygen and nutrition for brain cells. This results in a temporary loss of 

cognitive function. Insufficient blood supply translates over time into the death of brain tissue, 

resulting in irreversible damage [92]. 

5. Haemorrhagic stroke – The haemorrhagic stroke occurs when a cerebral blood vessel 

ruptures, resulting in bleeding either within the brain or on its exterior. The bleeding may arise 

from a ruptured aneurysm, a compromised segment of a blood artery that ruptures, or from 

arteriovenous malformations, which are abnormal convolutions of blood vessels that disrupt 

normal blood circulation and delivery of oxygen to the brain [93]. Haemorrhagic stroke 

accounts for 10-20% of all the new strokes that occur every year. They are less common than 

ischemic strokes but cause a significant number of deaths worldwide [94].  

6. Transient ischemic attack – A transient ischemic attack (TIA), often referred to as a mini-

stroke, occurs when there is a temporary disruption of blood flow to the brain, spinal cord, or 

retina. TIA doesn’t cause lasting damage or tissue injury, and symptoms typically resolve 

quickly. However, TIA serves as a significant warning indicator of a potential stroke, with the 

highest risk within the initial 48 hours [95]. 

7. Peripheral vascular disease – It refers to a condition impacting blood vessels outside the 

heart and brain, often those in the arms, legs, or other organs. This condition arises when 
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the arteries become narrowed, reducing blood flow, predominantly affecting the limbs [96]. It 

impacts approximately 200 million people globally [97].  

8. Congestive heart failure – Heart failure, or congestive heart failure, occurs when the heart is 

unable to efficiently pump blood and oxygen throughout the body, which may result in organ 

damage and fluid retention in the tissues. The condition is primarily attributable to the 

weakening of the heart muscle, impairing its ability to effectively circulate blood. This 

condition is chronic and progressively deteriorates, being more prevalent among older adults 

[98].  

2.2.6.2 Cox Proportional Hazard Model (Cox PH Model) 
 

Survival analysis investigates the link between the occurrence of a particular event and the time 

projected for the event to take place. Cox PH regression analysis, widely regarded as the most 

commonly used survival analysis method, was employed in half of the CVD risk models [99]. The 

Cox PH models were also used to build the 5-year CVD risk prediction equation for the NZ 

population. The cohort included a gender-specific study of New Zealanders who were enrolled for 

the period until their first hospital admission or death due to CVD. The period of study was defined 

as the time between the initial evaluation and the first of: death due to CVD or hospital admission, 

the end of follow-up, or death due to other causes [83]. 

The Cox PH model [100] is employed to analyse ‘survival time’. As a multivariate technique, it is 

frequently used in medical research to explain the relationship between the patient survival time with 

respect to multiple predictors. It also helps in identifying how specific 3covariates influence the event 

incidence, expressed by the hazard function ℎ(t).  

The Cox PH model is expressed by the hazard function which is defined as the risk of having an 

event at time “t”. In simple terms, it expresses the probability of experiencing an event in a period 

centered around t for an individual under observation.   

 
3 The predictor variables are called covariates in the Cox PH model 
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The relationship between hazard functions, which defines the proportional hazard assumption, can 

be expressed as follows: 

ℎ(t) = ϕ ℎ0(t), (2)  

where, 

• ℎ(t) represents an individual’s hazard at a given time t, 

• ℎ0(t) is the baseline hazard, which is the hazard when all the covariates are zero at time t, 

• ϕ is a scale parameter depending on the linear predictor β Zi. For a Cox PH model it is given 

by, ϕ = ⅇβZi, where Zi is the vector of covariates for subject i. 

The Cox model can be mathematically expressed as: 

ℎ(t) =  ℎ0(t)𝑒(𝛽1𝑧1+ 𝛽2𝑧2  + ...+ 𝛽𝑝𝑧𝑝), (3)  

where,  

• ℎ(t) is determined by 𝑝  covariates (𝑧1, 𝑧2, … , 𝑧𝑝),  

• Each covariate’s effect is captured by its corresponding coefficients (𝛽1, 𝛽2, … , 𝛽𝑝), 

• ℎ0(t) is the baseline hazard when all the covariates are zero at time t, 

• ‘t’ in ℎ(t) indicates that the hazard will change over time.  

An alternative form of the Cox PH Model is expressed in Equation 4. The term 𝑒𝛽p𝑧p represents the 

HR for p covariates. 

ℎ(t)

 ℎ0(t)
= 𝑒(𝛽1𝑧1+ 𝛽2𝑧2  + ...+ 𝛽𝑝𝑧𝑝) 

(4)  

The Cox PH model allows fitting regression models to censored survival data. A partial likelihood is 

used to estimate the regression coefficients of the Cox PH model, allowing for the baseline hazard 

to remain constant, thus focussing solely on the relationship between covariates and the hazard 

[101]. There are two differences between likelihood and partial likelihood. Firstly, the factors of the 

partial likelihood are conditional probabilities and secondly, it is a product of expressions for each 
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failure time. The censoring time does not contribute to the analysis as they are assumed to be non-

informative. 

Log-likelihood estimation 

D.R. Cox proposed that the conditional probabilities at different failure times are independent of one 

another. By combining the likelihood for each individual across all failure times, a partial likelihood 

for β can be estimated [100].  

Let tj denote the jth observed failure time, ordered from smallest to largest. At time tj, the risk set is 

defined as the set of all individuals who are still at risk of experiencing the event just prior to tj.  to 

The hazard function for subject i at failure time tj is given by ℎi(tj ) and 𝛿𝑖  denotes the vector for 

censoring indicators which records whether each observed time for subject i is an event (1) or 

censored (0) . Under the Cox PH model, for subject i, we can express the hazard function as:  

ℎi(tj) = ψi ℎ0(tj ),  (5)  

where ℎ0(tj ) is the baseline hazard function, and  ψi =  ⅇziβ is the relative risk for subject i, with zi 

representing the covariate vector.  

The expression for the partial likelihood for the Cox PH model is given as: 

L(β)  =  ∏ {
ⅇβzi

∑ ⅇβzk
k∈Ri

}

𝛿𝑖

𝑛
𝑖=1 . 

(6)  

Where the denominator sums over all individuals k in the risk set corresponding to those still at risk 

when individual i experiences the event. The log partial likelihood can be obtained as: 

𝑙(β) = log 𝑙(β) = ∑ 𝛿𝑖(βzi) −  ∑ 𝛿𝑖  ln { ∑ ⅇβzk

k∈Ri

}

𝑛

𝑖=1

𝑛

𝑖=1

 

(7)  

Using the Equation 7, the maximum partial likelihood estimate (MPLE), denoted as  𝛽̂ represents the 

value of β that maximizes the function 𝑙(β). The variance of 𝛽̂ is obtained by evaluating the 

information, 𝐼(𝛽̂) =  −𝑙′′(β), where 𝑙′′(β) is the second derivative of the log partial likelihood function 
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𝑙(β) with respect to β. The information is a measure of the curvature of the likelihood at 𝛽̂. Higher 

curvature levels give more information with lower variance, whereas lower curvature values supply 

less information with higher variance. The standard error of 𝛽̂ is 
1

√𝐼(𝛽̂) 

 and its variance is 

approximately 
1

𝐼(𝛽̂)
. 

The beta coefficients and the HRs obtained from the Cox PH model for all the risk factors applied to 

the NZ population in the PREDICT study are outlined in Table 3 [81]. The study also mentioned the 

significance of the SBP in predicting the CVD risk in the NZ population, along with its interaction with 

the age of the individual and their type of BP-lowering medication. Table 3 presents the beta 

coefficients and the HRs obtained from the data which is used to develop the PREDICT-1 equation. 

Table 3: Beta Coefficients and Hazard Ratios for all the variables used to predict 5-year CVD risk [81]. 

Predictor variables Women Men 

 Beta 
Coefficient 

Hazard 
Ratio 

Beta 
Coefficient 

Hazard 
Ratio 

Age (centered) 0.0734393  1.076 0.0669484  
 

1.069 

Chinese or other Asian -0.2680559  0.765 -0.4131973  
 

0.662 

Indian 0.2086713  1.232 0.3666816  
 

1.443 

Māori 0.4164622  1.517 0.3166164  
 

1.372 

Pacific 0.2268597  1.255 0.2217931  
 

1.248 

NZDep quantile 0.0957229  
 

1.1 0.0631146  
 

1.065 

ExSmoking 0.1444243  
 

1.155 0.0748648  
 

1.078 

Currently smoking 0.6768396  
 

1.968 0.5317607  
 

1.702 

Family history of premature 
CVD 

0.0645588  
 

1.067 0.1275721  
 

1.136 

Atrial fibrillation 0.9293084  
 

2.533 0.6250334  
 

1.868 

Diabetes 0.4967444  
 

1.643 0.4107586  
 

1.508 

Systolic BP (centered) 0.0176523  
 

1.018 0.0179827  
 

1.018 

TC:HDL-C (centered) 0.1361335  
 

1.146 0.1296756  
 

1.138 

Underweight (<18.5) 0.6277962  
 

1.873 0.5488212  
 

1.731 
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Overweight (25.0–29.9) 0.0018215  
 

1.002 -0.033177  
 

0.967 

Obesity class 1 (30.0–34.9) -0.0169324  
 

0.983 -0.0025986  
 

0.997 

Obesity class 2 (35.0–39.9) 0.0343351  
 

1.035 0.1202739  
 

1.128 

Obesity class 3 (40.0+) 0.3196519  
 

1.377 0.3799261  
 

1.462 

BMI unknown 0.0213595  
 

1.022 -0.073928  
 

0.929 

On BP-lowering medication 0.3487781  
 

1.417 0.2847596  
 

1.329 

On lipid-lowering medication -0.0568366  
 

0.945 -0.0256429  
 

0.975 

On either antiplatelet or 
anticoagulant medications 

0.1393368  
 

1.15 0.0701999  
 

1.073 

Age (centred) x diabetes -0.0189779  
 

0.981 -0.0124356  
 

0.988 

Age (centred) x systolic BP 
(centred) 

-0.000471  
 

1 -0.0004931  
 

1 

On BP-lowering medication x 
systolic BP (centred) 

-0.0054002  
 

0.995 -0.0049226  
 

0.995 

 

It is noted that the HR for SBP is slightly higher in men (1.20 per 10 mmHg increase) compared to 

women (1.19 per 10 mmHg increase), which means that for every 10 mmHg increase in SBP, the 

risk of CVD event increases by around 20% in men and 19% in women. BP lowering medication use 

is associated with increased HRs of 1.42 in women and 1.33 in men, suggesting higher baseline risk 

in treated individuals. 

The study also compares the risk of CVD for different ethnic groups being used in the PREDICT 

cohort. Currently, Māori, Pacific, and Indian patients have a higher risk of CVD than Europeans, 

whereas Chinese or other Asian patients have a reduced risk of CVD. Furthermore, Māori, Indian, 

and Pacific patients with low deprivation scores had a CVD risk twice as high as European or 

Chinese patients with low deprivation scores [38]. 

To assess how well the model differentiates between the subjects’ outcomes, discrimination, also 

known as ‘separation’, is evaluated. The discrimination ability can be quantified using several 

statistical indices, including the receiver operating characteristic (ROC) area, model 𝜒2 or 
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Spearman’s 𝜌, etc. Among these, the ROC area is the most widely acknowledged measure of 

diagnostic discrimination [102]. In survival models, the area under the ROC curve is equivalent to 

concordance that can consider the censored observations. It is computed based on the Wilcoxon-

Mann-Whitney two-sample rank test. It shows the overall evaluation of the model discrimination 

power, which is defined as the model's ability to produce an accurate ranking of survival times based 

on individual scores. Similarly, the concordance index (c-index) is useful to validate a survival 

model's predictive ability. It is the percentage of pairs in the data where your model predicts that the 

observation with the longer survival time will survive longer [103]. The c-index value of 1 suggests 

perfect prediction, whereas a value of 0.5 suggests that the prediction is randomly obtained [101]. 

The Royston’s D statistic uses the concept of c-index but measures the separation between the 

predicted risks for patients who experience the event vs who do not experience the event, 

standardised by the variability of the predicted risk. The performance results of the Cox PH model 

used in the PREDICT study are mentioned in Table 4. Model performance was similar for both men 

and women with men having better separation as per Royston’s D statistic value.  

Table 4: Standard performance metrics for PREDICT-1 equations. 

Gender Performance Metrics Value (95% CI) 

Women R2  30 (29-31) 

Harrell’s C-index 0.73 (0.72 – 0.73) 

Royston’s D statistic 1.334 (1.291 – 1.377) 

Men R2  29 (28 – 30) 

Harrell’s C-index 0.73 (0.72 – 0.73) 

 

Royston’s D statistic 1.318 (1.285 – 1.351) 

 

2.3 Blood Pressure and CVD 

BP is considered as one of the most common significant predictors in CVD risk prediction models 

[104]. It plays a crucial role in the circulatory system, as blood flows through the body due to pressure 

differences within the arterial system. BP is defined as the pressure exerted by circulating blood on 
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the walls of the arteries, driven by the heart's pumping action. Measured in millimetre of mercury 

(mmHg), it represents the force exerted per unit area within the artery system [105]. In most adults, 

the heart typically beats between 60 and 100 times per minute. Each beat creates a pressure wave 

in the arteries, which occurs as a regular, pulsating pattern. The highest pressure occurs during 

systole, that is, when the heart contracts and pumps blood into the arteries with the most force. The 

lowest pressure occurs during diastole, when the heart relaxes and refills with blood. This cycle of 

contraction and relaxation creates the rhythm of the heartbeat and the pressure changes in the 

arteries [106]. BP is usually expressed in terms of systolic pressure and diastolic pressure defined 

as follows: 

1. Systolic Blood Pressure (SBP) - The maximum pressure exerted by the blood during 

ventricular contraction during a cardiac cycle. 

2. Diastolic Blood Pressure (DBP). The lowest pressure exerted by blood on arteries during a 

cardiac cycle. 

The American Diabetes Association (ADA) emphasises the importance of managing BP in diabetic 

patients to reduce cardiovascular risks. The Action to Control Cardiovascular Risk in Diabetes 

(ACCORD) BP trial, highlighted by the ADA, demonstrated that intensive management of BP 

significantly decreases stroke occurrence in diabetes patients  [107]. A review in Cardiovascular 

Diabetology explores the impact of intensive BP lowering on cardiovascular outcomes in diabetic 

patients, including studies like ACCORD and the Systolic Blood Pressure Intervention Trial 

(SPRINT). This review discusses the long-term benefits and challenges associated with achieving 

lower SBP targets in this population [108]. Even within normal SBP ranges, maintaining lower levels 

is associated with a reduced risk of atherosclerotic CVD, highlighting the need of optimal SBP 

management [109].  

The mortality rate from CVD varies significantly due to the changes in the absolute values of the 

primary risk factors like smoking, cholesterol, and BP [110]. A study found that every 1 mmHg 

increase in the SBP was associated with a 2-4% increase in the estimated relative risk of a CVD 

event [111]. The Ministry of Health guidelines predict a 20% reduction in CVD risk over five years for 
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every 10 mmHg decrease in SBP, based on NZ trials, based on a randomised controlled trial in NZ 

[53].  

The Multiple Risk Factor Intervention Trial (MRFIT) has demonstrated a strong association between 

SBP and CHD mortality. MRFIT is a randomised, primary prevention trial conducted in 22 US clinical 

centres for men ranging from 35-57 years of age. Table 5 shows the relative risks pertaining to 

different SBP ranges, classified according to different stages of BP from normal (SBP<120 mmHg) 

to stage 3 hypertension (SBP≥180 mmHg) [112]. Different SBP ranges have an associated relative 

risk with respect to the reference SBP range (SBP<120 mmHg).  

This association between SBP and CVD events emphasises the importance of accurately measuring 

BP. Given that relative risks are calculated based on specific SBP thresholds, even small deviations 

in measurement can result in significant misclassification of an individual's risk category. Accurate 

BP readings are essential not only for determining relative risk but also for guiding appropriate clinical 

interventions. Assuming there were measurement errors when measuring SBP, the individual’s 

relative risk will be incorrectly estimated, which in turn causes insufficient or overcompensated 

treatment due to incorrect CVD predictions. Consequently, to ensure that the patients are getting the 

right medications and treatments based on the guidelines, it is crucial to measure BP accurately 

[113]. Therefore, it is vital to comprehend the significance of potential errors in the recorded SBP 

values, as they can categorise the patient as being at higher or lower risk, affecting the CVD risk 

prediction. 

Table 5: Association of different SBP values with the relative risk of coronary heart disease (CHD) [112]. 

SBP (mmHg) Relative Risk 

<120 1.00 (Reference) 

120-129 1.28 (1.19 – 1.36) 

130-139 1.66 (1.56 -1.77) 

140-159 2.45 (2.30 – 2.61) 
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160-179 3.42 (3.16-3.71) 

180-209 5.26 (4.68-5.90) 

>210 6.40 (4.74-8.65) 

 

2.4 Sources of BP measurement errors 

BP measurement errors may arise from various sources. This study focuses on two of the most 

common sources: errors arising from rounding the BP readings to the nearest zero end-digit and 

errors arising from inaccuracies from BP measurement devices and, as discussed in the section 

2.4.1 and 2.4.2. while these are not the only contributors to inaccuracies, a few additional sources 

are also mentioned for context. Nonetheless, the primary analysis in this study focusses on the 

impact of these two key sources of BP errors, that correspond to distinct sources for manual and 

automatic BP measurements, highlighting their significance in the context of CVD risk assessment 

in NZ. 

2.4.1 Terminal digit bias in BP measurement 

A terminal digit bias, characterised by the observer’s preference to round BP measurements to a 

specific end digit, typically zero, is referred to as zero end-digit preference [51]. This means that the 

observer rounds the end-digit towards a preferred level, either rounding up or rounding down [114].  

Terminal digit bias is a common occurrence in both clinical and research settings [114], [115], [116], 

despite being one of the most frequently measured vital signs with the aim of ensuring accurate and 

reliable BP readings remains a challenge. The inherent variability of BP can increase when 

recommended measurement protocols are not consistently followed [117].  

Without zero end-digit preference, 20% of BP readings from manual devices and 10% from 

automated devices would naturally end in zero4. However, studies from U.S. clinics reveal that 

 
4 Manual devices typically record even digits, whereas the automated devices can record any digit [269]. 



   Chapter 2- Literature Review 

47 
 

terminal digit preference occurs more frequently than these expected rates, with approximately 

37.7% of SBP and 37.8% of DBP readings ending in zero in 2019 [115], [118], [119], [120].  

Zero end-digit preference has an impact on patient care. Studies indicate that patients in clinics with 

higher rates of terminal digit preference are less likely to receive antihypertensive prescriptions and 

more likely to face adverse cardiovascular events. Terminal digit preference was found to increase 

at higher BP levels among patients with hypertension [121]. Some researchers might argue that 

rounding of BP above treatment thresholds is not a major issue, as these patients would still receive 

treatment. However, rounding often lowers the recorded value, which could influence the intensity of 

medication or other patient care strategies [118], [122].  

2.4.2 BP measurement device errors 

One prevalent source of error in BP measurement comes from the device itself [123]. Different 

techniques and algorithms used by measurement devices worldwide result in different ranges of BP 

deviations. Table 6 shows some of these techniques. As a result, it is necessary that the accuracy of 

the BP devices is validated with proper guidelines with consistent, quantifiable metrics. 

Table 6: Some important methodologies and techniques used in the development of BP  measurement devices. 

Reference Methodology/Technique 

[124] Evaluation of oscillometric algorithms focusing on cuff deflation 

speed and signal filtering. 

[125] Pulse Wave Analysis (PWA) using Fourier transform and waveform 

decomposition to estimate central BP. 

[126] Pulse Transit Time (PTT) methodology; challenges in calibration 

and environmental noise impact. 

[127] Photoplethysmography (PPG) signal processing with adaptive 

filtering and feature extraction. 

[128] Deep-learning-based blood pressure estimation using multi-

channel photoplethysmogram and finger pressure with attention 

mechanism 
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To address this, internationally recognised standards establish protocols to measure the accuracy of 

BP measurement devices, as outlined in Table 7. In 2017, an international effort was initiated by the 

ANSI/AAMI SP10, ESH and ISO committees to establish a globally recognised standard to evaluate 

BP measurement device accuracy [129]. The resulting ISO 81060-2:2-2018 standard [49] 

consolidates prior evidence and has gradually replaced previous protocols employed worldwide. To 

ensure this initiative achieves a global impact in enhancing the availability of clinically validated BP 

devices, it is crucial to adhere to the universally recognised ISO standard and evaluate the accuracy 

of BP measurement devices prior to their market release for medical, community, and home 

applications [130].  

Table 7: Overview of standards for assessing BP measurement device accuracy, including corresponding validation criteria. 

 

Standard 

 

Organisation 

 

Error Range (Mean ± SD) 

Validation 

Sample 

Size (N) 

 

Reference 

BHS Protocol British Hypertension 

Society 

A grading system (A, B, C, D) is 

applied based on the 

differences between paired 

readings within ≤ 5, 10, and 15 

mmHg, assessed separately for 

each observer and for both 

SBP and DBP. 

Additionally, the criteria include 

mean differences of ≤ 5 mmHg 

and a standard deviation of ≤ 8 

mmHg, as recommended by 

AAMI. 

85 [131] 
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ESH European Society of 

Hypertension 

The criteria are based on the 

number of readings where the 

test-reference BP difference 

falls within ≤ 5, 10, and 15 

mmHg. 

For individual BP 

measurements (Part 1), the test 

is considered a pass if at least 

73.7% (73 out of 99) of 

differences are ≤ 5 mmHg, 

87.9% (87 out of 99) are ≤ 10 

mmHg, and 97.6% (96 out of 99) 

are ≤ 15 mmHg. 

For individual subjects (Part 2 - 

Accuracy), the evaluation is 

based on the number of 

subjects with 0, 2, or 3 absolute 

differences within ≤ 5 mmHg. 

33 [132] 

ANSI/AAMI 

SP10 

Association for the 

Advancement of Medical 

Instrumentation (AAMI) / 

American National 

Standards Institute (ANSI) 

Criterion 1 (Individual BP 

Readings): The mean BP 

difference must be ≤ 5 mmHg, 

with a standard deviation of ≤ 8 

mmHg. 

Criterion 2 (Individual 

Subjects): The mean difference 

and standard deviation of BP 

readings must fall within the 

≥ 85 [133] 
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threshold determined by the 

mean value of Criterion 1. 

ISO 81060-

2:2018 

International Organization 

for Standardization 

The ISO incorporates both 

criteria from the AAMI SP10 

standard. Additionally, 

standardised Bland–Altman 

scatterplots to show agreement 

between test and reference 

measurements will be 

presented. 

The mean test-reference BP 

difference and standard 

deviation for each cuff subgroup 

must be reported, but no 

pass/fail criteria will be applied 

to the test device. 

≥ 85 [49] 

 

The ISO standard, like ANSI/AAMI SP10 states that BP errors, assumed to be normally distributed, 

must lie within a tolerable error range of -10 mmHg to +10 mmHg and the probability of tolerable 

error is fixed to at least 85%. BP errors are computed by taking the difference between the value 

obtained from the test device and the value obtained using a reference auscultatory method which 

is considered the gold standard for non-invasive BP (NIBP) methods. The ISO standard also 

incorporates the statistical principles from ANSI/AAMI SP10, specifying that the accuracy of BP 

measurement devices must be assessed according to two primary criteria with no fewer than 85 

subjects. The first criteria specifies that the mean difference between the test device and the 

reference device is to be ± 5 mmHg or less, with a SD of 8 mmHg or less. The second criterion states 

that the mean difference remains within ± 5 mmHg and follow the upper limit threshold of SD for a 

given fixed value of the mean, also presented in Table 8. For example, if the mean error of the device 
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is 2 mmHg, to maintain 85% probability of tolerable error, its true SD must be no greater than 6.65 

mmHg for the device to be regarded acceptable. 

Table 8: Acceptable upper limit of SD for a specific value of mean BP error [133]. 

Sample 

mean error 

(mmHg) 

0 ± 0.5 ± 1 ± 1.5 ± 2 ± 2.5 ± 3 ± 3.5 ± 4 ± 4.5 ± 5 

SD, ≤ 

(mmHg) 

6.95 6.93 6.87 6.78 6.65 6.47 6.25 5.97 5.64 5.24 4.81 

 

The standard also evaluates the probability of accepting a device, which means the probability that 

for a true mean and true SD (σ) of BP errors, at least 85% of the errors lie within - 10 to 10 mmHg. 

The probability values for N= 85 are provided in Table 9. For example, if the true mean (µ) is 2 mmHg 

and standard deviation (σ) is 6, there is 89% probability of accepting the device, when 85 or more 

samples are gathered. 

5Table 9: Probability of accepting the device for different values of the true mean and SD of errors and a sample size of n=85 
[133]. 

µ 𝜎 = 5 𝜎 = 6 𝜎 = 7 𝜎 = 8 

0 (0.95) 1.0 (0.90) 0.98 (0.85) 0.45 (0.79) 0.04 

1 (0.95) 1.0 (0.90) 0.96 (0.84) 0.40 (0.79) 0.03 

2 (0.94) 1.0 (0.89) 0.89 (0.83) 0.26 (0.77) 0.02 

3 (0.91) 0.99 (0.86) 0.66 (0.81) 0.11 (0.76) 0.01 

4 (0.88) 0.86 (0.83) 0.28 (0.78) 0.03 (0.73) 0.00 

5 (0.84) 0.33 (0.79) 0.05 (0.75) 0.00 (0.70) 0.00 

6 (.79) .02 (.74) .00 (.71) .00 (.67) .00 

7 (.73) .00 (.69) .00 (.66) .00 (.63) .00 

 

2.4.2.1 Review of BP Measurement Device Errors  
 

Out of the standards outlined in Section 2.4.2 that are widely adopted globally, only approximately 

20% of the devices currently available adhere to the specified requirements [134]. A study comparing 

 
5 In parentheses is the true probability of the tolerable error. 
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twelve various types of automated BP monitors found that only four of them had reasonable proof 

that the device's accuracy had been evaluated using the proposed worldwide criteria [135]. Multiple 

clinical studies have validated BP monitoring devices using the existing assessment methodologies 

for BP monitoring device standards. A study that tested 524 sphygmomanometers observed the 

degree of inaccuracy to be around 4-6 mmHg for 32% of the instances. In 19% of the cases, the 

degree of inaccuracy was 7-12 mmHg and > 13 mmHg in 7% of the case [136]. According to another 

survey done in the healthcare settings, more than 50% of the sphygmomanometers resulted in BP 

deviations of up to 12 mmHg, highlighting the presence of devices with SDs far exceeding the 

maximum acceptable limit of 6.95 mmHg [123]. 

Additionally, examining several clinical studies that provide different ranges of BP measurement 

device errors led to the discovery of several reported device inaccuracies using a sample size of less 

than 85. Even when the sample size criteria are followed, studies do not adhere to the minimum 

mean ± SD criteria. A list of studies providing device inaccuracy details using a sample size smaller 

than 85 have been provided in Table 10.  

Table 10: BP device inaccuracies obtained from studies using different techniques. 

Study  SBP/DBP Method/Techniques Sample Size Device Inaccuracy 
(𝒙̅  ± SD) 

[137]  

 

 

 

 

SBP 

Oscillometry 33 -0.7 ± 6.9 

[138] PTT 10 1.04 ± 6.88 

[139] PTT-PPG 33 1.17 ± 5.72 

    

[140] Standing 25 -0.462 ± 8 

[141] PAT 32 0.12 ± 6.15 

[142] PTT 33 -0.06 ± 6.63 

[143] PTT-linear 20 0 ± 6.73 

 PTT-nonlinear 0 ± 5.56 

[144] ML 45 4.53±2.68 

[138]  PTT 10 -2.16 ± 6.60 
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2.4.3 Other sources of BP errors 

This section outlines other common sources of BP measurement errors, as detailed below: 

2.4.3.1 Incorrect Positioning 
 

Among the critical factors influencing BP measurement accuracy are the position of the cuff, body 

and arms.  

Cuff Position  

It is recommended that the cuff should be wrapped around the upper arm with the midline of the 

bladder placed over the brachial artery during BP measurement [147]. In recent years, wrist and 

finger monitors have gained popularity due to their ease of use, however BP readings taken from 

the wrist or fingers often differ from those taken at the upper arm. This variation occurs because BP 

naturally changes as it travels through the body, with differences influenced by vessel size and 

distance from the heart [106]. Table 11 illustrates the influence on BP measurement of positioning a 

cuff on the upper arm and wrist. For example, a study examined the average changes in BP readings, 

both SBP and DBP, when the cuff of the BP measurement device was positioned on the upper arm 

versus the wrist of the patients. The results showed that changing the cuff position from the upper 

arm to the wrist led to an increase in the average SBP reading, while the average DBP reading 

decreased. 

 

[139]  

 

DBP 

PTT-PPG 33 0.40 ± 7.11 

[145] PTT-IPG 15 -0.5 ± 5.07 

[146] PWV- 15 -0.06 ± 5.46 

[137] Oscillometry 33 -1.0 ± 5.1 

[141] PAT 32 1.31 ± 5.36 

[142] PTT 33 -0.25 ± 5.63 
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Table 11:  Changes in the SBP and DBP measurements due to different cuff position 

N Cuff Position DBP (mmHg) SBP (mmHg) Reference 

250 Upper Arm 80.7 ± 11.2 127.7 ± 15.7 [148] 

Wrist 75.7 ± 11.9 143 ± 22.2 

70 (Mixed 

hypertension group) 

Upper Arm 83.4 ± 9.4 168.3 ± 18.4 [149] 

Wrist 83.2 ± 10.5 159.2 ± 18.5 

45 (Isolated systolic 

hypertension group) 

Upper Arm 95.8 ± 11.5 174 ± 14.1 [149] 

Wrist 94.4 ± 11.5 163.8 ± 25.4 

 

Body Position 

Recommendations stipulate that the patients are seated with proper back support and arms 

supported at the heart level [150]. Research shows that BP tends to be higher when a person is 

sitting compared to lying down [151], [152]. However, the differences between supine and sitting BP 

have been found to be relatively small [153]. For this reason, health professionals tend to not 

consider or underestimate the effect of position when interpreting the results of BP measurements. 

But even a mean difference of a few mmHg may have relevant implications [154]. Table 12 presents 

information on BP values for different positions of the subject during BP measurement. 

Table 12: Changes in the SBP and DBP measurements due to different body position 

N Body Position DBP (mmHg) SBP (mmHg) Reference 

57 Sitting 79.5 ± 9.7 135.7 ± 24.8 [152] 

Supine 84.6 ± 10.5 141.3 ± 25.5 

229 Beach Chair 64.6 ± 11.2 114.6 ± 24.8 [155] 

Supine 72.5 ± 14.5 129.8 ± 27.5 

250 Sitting 83.0 ± 9.6 137.2 ± 13.7 [156] 
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Supine 80.1 ± 9.1 139.3 ± 14.0 

245 Sitting 86.0 ± 14 136.7 ± 21.9 [157] 

Supine 83.5 ± 12.5 135.5 ± 20.3 

 

Arm/Leg Position 

Proper positioning of the arm during BP measurement is essential for accurate readings. Ideally, the 

arm should be supported at heart level on a flat surface to avoid errors. Deviating from this position, 

such as moving the arm from horizontal to vertical, can increase BP readings by 5–6 mmHg due to 

hydrostatic pressure changes [50]. A study by Mariotti et al. examined the impact of arm positioning 

and postural hypotension during BP measurements. They observed that incorrect arm positioning 

while standing led to overestimated BP values [158]. 

Similarly, proper leg positioning is equally important during BP assessments. Guidelines emphasize 

that sitting with feet flat on the floor provides more accurate measurements. In contrast, sitting with 

crossed legs has been shown to result in higher BP readings[51] [159]. Table 13 presents studies 

that review the effect of arm and leg position on BP values. 

Table 13: Changes in the SBP and DBP measurements due to different armf position 

 N Position DBP 

(mmHg) 

SBP 

(mmHg) 

Reference 

Arm 69 Arm low (on chair 

armrest) 

88.6 ± 9.1 143.0 ± 19.9 [160] 

Arm high (at 

heart level) 

77.7 ± 9.9 133.3 ± 20.7 

57 Arm low (on the 

bed) 

82.1 ± 13.4 142.1 ± 28.0 [152] 

Arm high (at 

heart level) 

78.2 ± 14.4 137.4 ± 29.0  

Leg 238 Crossed 92.1 ± 11.2 153.6 ± 20.2 [161] 

Uncrossed 86.4 ± 10.8 145.3 ± 20.3  
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100 Crossed 84.9 ± 11.6 155.6 ± 19.3 [159] 

Uncrossed 80.9 ± 11.2 146.5 ± 18.6  

 

2.4.3.2 White coat effect 
The white coat effect refers to elevated BP readings in a clinical setting, attributed to stress or anxiety 

induced by the presence of medical personnel or due to healthcare environment. In individuals 

exhibiting high BP in a clinical setting, approximately 15 to 30% experience white coat hypertension 

[162]. The white coat effect has been observed in 30-40% of children and adolescents referred for 

assessment of mild hypertension [163]. This results in inaccurate hypertension diagnosis and 

inappropriate medical care if overlooked, as the elevated BP readings frequently stem from 

situational stress rather than chronic hypertension [164].  

2.4.3.3 Incorrect Cuff Size and placement 

Using an arm bladder cuff with dimensions below the advised minimum ratio of 1:1.8 for width to 

length may result in an overestimation of blood pressure by 7 mmHg systolic and 4.3 mmHg diastolic 

[165]. The ideal cuff must have a bladder length of 80% and a width of at least 40% of the arm 

circumference, according to a length-to-width ratio of 2:1  [166]. A small sized cuff may lead to an 

increase in SBP by 3 mmHg when ideally a regular cuff size was required and by 9.6 mmHg when an 

extra-large BP cuff was appropriate. Studies show that only 74% of medical students select the 

correct cuff size for BP measurements [167].  Although BP device manufacturers attempt to mitigate 

this issue by including arm circumference range indicators on individual cuffs to assist in selecting 

the appropriate cuff size for each measurement, it remains unclear how accurately clinicians or 

patients follow these guidelines [168].  
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CHAPTER 3. ZERO END-DIGIT PREFERENCE IN BLOOD 

PRESSURE AND IMPLICATIONS FOR CARDIOVASCULAR 

DISEASE RISK PREDICTION—A STUDY IN NEW ZEALAND 

(Manuscript 1) 

 

3.1 Prelude 
Accurate blood pressure (BP) measurement is fundamental to cardiovascular disease (CVD) risk 

assessment and management. However, the phenomenon of end-digit preference, particularly the 

rounding of BP measurements to terminal digits, most commonly zero, has been documented in 

clinical practice. This rounding can introduce systematic biases, potentially affecting the precision of 

CVD risk prediction models. This chapter investigates the prevalence of zero end-digit preference in 

systolic blood pressure (SBP) readings and its impact on CVD risk classification within the New 

Zealand (NZ) population. 

Utilising a substantial dataset of 427,299 individuals who underwent opportunistic CVD risk 

assessments in primary care settings across NZ, the researchers identified that 292,122 SBP 

readings had non-zero terminal digits. These readings were systematically rounded to the nearest 

zero end-digit to evaluate the effect of such rounding on CVD risk prediction. The analysis revealed 

that end-digit preference could lead to misclassification of individuals' risk categories, thereby 

influencing clinical decision-making process. The findings highlight the necessity for adherence to 

precise BP measurement guidelines and caution against arbitrary rounding practices. 

In addition to the clinical implications, this study also includes a financial cost analysis to assess the 

economic impact of SBP measurement errors. Misclassification of CVD risk can lead to inappropriate 

treatment decisions, resulting in increased healthcare costs and resource allocation inefficiencies. 

By quantifying these financial consequences, the study provides a comprehensive perspective on 

the burden of measurement inaccuracies, emphasising the necessity for precise BP assessments in 

both clinical and economic contexts. 

This study contributes to the broader discussion on the accuracy of clinical measurements and their 

implications for patient outcomes. By highlighting the potential inaccuracies introduced by end-digit 
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preference, it calls for enhanced training and awareness among healthcare professionals regarding 

BP measurement techniques. In conclusion, the investigation into zero end-digit preference in BP 

measurements within the NZ context provides critical insights into the subtle yet significant factors 

that can influence CVD risk assessment. Addressing these issues is essential for optimising patient 

care and ensuring the accuracy of predictive models used in cardiovascular risk stratification. 

3.2 Introduction 
For over eight decades, the significance of precise blood pressure (BP) measurement has been 

widely acknowledged [169]. BP is a critical metric for health monitoring and diagnosis in healthcare 

settings. High BP causes around 54% of strokes and 47% of coronary heart disease worldwide [170]. 

BP serves as a fundamental parameter for cardiovascular disease (CVD) risk assessment [171]. It 

is one of the significant variables in the models used to construct CVD risk prediction equations 

globally.  

The most accurate method for BP measurement is arterial cannulation. It is invasive, time-

consuming, and requires skilled personnel [55]. In routine practice, BP is measured non-invasively 

[172]. An occluding upper arm cuff is mostly employed for intermittent non-invasive monitoring. BP 

readings can be assessed either manually (by auscultation of Korotkoff sounds or palpation) or 

mechanically (for example, using oscillometric technique) [172]. In clinical and research settings, 

manual auscultatory sphygmomanometer is considered the traditional gold standard for non-invasive 

BP measurement [50]. However, these non-invasive methods introduce inaccuracies. Minor 

measurement errors result in misclassification of CVD risk of millions of individuals. This 

misclassification has clinical consequences [173]. Underestimation of BP by 5 mmHg would 

misclassify over 20 million Americans as pre-hypertensive instead of hypertensive. Conversely, 

overestimating BP by 5 mmHg misclassifies around 27 million people as hypertensive instead of pre-

hypertensive [174]. Untreated hypertension significantly increases the risk of fatal strokes and 

myocardial infarctions [175]. On the other hand, overtreated hypertension can lead to adverse 

outcomes, such as increased risk of hypotension, and unnecessary healthcare costs [176]. 

To limit the consequences of inaccurate BP measurements, the International Organization for 

Standardization (ISO) has established globally accepted criteria that encode acceptable limits for 
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measurement errors, and protocols to test that devices meet these criteria. ISO 81060-2:2018, for 

instance, outlines the standards for clinical investigations involving automated, non-invasive 

sphygmomanometers, a guideline that has received whole or partial approval from numerous 

national regulatory bodies. It outlines the procedures for testing accuracy, performance, and safety, 

ensuring these devices meet international standards [49].  

Despite training in standardized procedures, BP measurements may still be subject to limitations in 

accuracy [12][177]. In a prenatal clinic based in Canada, the redefinition of a treatment threshold by 

a single mmHg adjustment, shifting from systolic blood pressure (SBP) >140 mmHg to SBP ≥140 

mmHg, resulted in a twofold increase in the percentage of patients identified as needing treatment, 

with the proportion escalating from 13% to 26% [178]. In a UK case-control study, the impact of 

terminal digit preference on disease outcomes was associated with increased mortality [179].  

A New Zealand (NZ) study examined how rounding BP measurements to zero end-digits affects 

patient categorization for pharmacological management in primary care. It found that about 64.4% 

of SBP values ended in zero [180]. Measurements rounded to the nearest even number, as 

recommended, should have around 20% zero end-digit [181]. The study employed three distinct risk 

prediction algorithms sourced from different countries, each incorporating a range of risk factors. 

One of these algorithms is based on the US population, which was developed from data obtained 

from the Framingham Heart Study [67]. The remaining two algorithms were the 2004 British 

Hypertension Society (BHS) guidelines (BHS-IV) [182], and the 2005 Joint British Societies’ (JBS) 

guidelines (JBS2)[183]. The primary objective of this NZ based study [180] was to assess the 

consequences of rounding BP measurements to zero end-digits when applying diverse risk 

prediction models from different countries within primary care in the context of NZ. The results 

showed misclassification of 1 in 41 patients, potentially altering treatment decisions. Under the JBS2 

guidelines, 1 in 19 would be misclassified, and under the BHS-IV guidelines, 1 in 12, primarily leading 

to increased treatment. At the time of this study, NZ did not have a locally developed CVD risk 

prediction equation. 

Initially NZ was using the Framingham Risk Score for their CVD risk management guidelines. 

However, these equations were developed targeting the US population, which might result in 
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incorrect estimation of risk for other populations with diverse ethnic backgrounds. This led to the 

development of a region-specific CVD risk equation [184]. In 2018, NZ introduced its CVD risk 

prediction equation known as the PREDICT-1 equation [38]. It estimates an individual's 5-year CVD 

risk and is specifically tailored to the NZ population from a study cohort also known as PREDICT. 

The five-year CVD risk was used to guide decision-making for primary prevention. The New Zealand 

CVD risk management guidelines recommend the selection of a 5-year risk assessment [185] 

instead of the more commonly used 10-year risk, as most trials of CVD risk reduction have about 5 

years follow-up [186], [187]. Table 2 in Section 2.2.6 summarises the recommended interventions, 

goals and follow-up based on CVD risk assessment for clinicians based on the three risk categories. 

These risk categories are used in current CVD management guidelines in NZ: <5% (low risk group), 

5-15% (moderate risk group) and >15% (high risk group).   

The patients are categorised into three risk groups based on the data collected from the PREDICT 

study cohort. However, the potential impact of rounding BP measurements on decisions related to 

pharmacological treatment, as guided by the PREDICT-1 equation, has not been fully explored. This 

paper investigates the misclassification arising from rounding practices of SBP and evaluates its 

effect on determining eligibility for CVD risk management through medication.  

Our primary focus is on the potential consequences of misclassifying moderate-risk patients as low-

risk. Misclassification in this context leads to significant undertreatment, as low-risk patients typically 

receive recommendations for lifestyle modifications rather than pharmacological interventions. While 

high-risk patients receive comprehensive medical treatment, many moderate-risk patients are also 

prescribed medications based on clinical evaluation. However, those misclassified in the low-risk 

category are at greater risk of not receiving necessary medical intervention. Additionally, the paper 

also examines how these misclassifications due to rounding impact overall healthcare costs within 

the NZ healthcare system.  

3.3 Methods 

3.3.1 Study Population 
PREDICT is an ongoing, open cohort study for the NZ population. Cardiovascular risk is composed 

of various events, including ischemic or haemorrhagic cerebrovascular events, peripheral vascular 
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disease, and congestive heart failure. PREDICT is embedded into practice management software 

systems facilitating healthcare needs of at least a third of the country's residents [38]. The cohort 

under examination is gender specific. The study period spans from the initial assessment until the 

earliest of the following events: hospital admission, the conclusion of the follow-up period, death due 

to CVD or other causes.  

In this paper, the risk profile was gathered for every person whose first risk assessment was 

conducted between October 2004 and December 2018 within routine healthcare settings. The 5-

year CVD risk score, estimated as the percentage risk of an individual having a CVD event in 5 

years, is evaluated based on the risk factors outlined in Table 2. Specifically, for each patient, the 5-

year absolute risk of a CVD event was obtained by applying 'PREDICT-1' [38], given by: 

𝑅𝑖𝑠𝑘 (%) = (1 − 𝑆0
𝑒(𝛽1𝑧1+ 𝛽2𝑧2  + … + 𝛽𝑝𝑧𝑝)

) × 100, 
(8)  

where 𝑆0 is the baseline survival function, 𝛽𝑖 coefficients are the beta estimates obtained for each 

variable mentioned in Table 14 and 𝑧𝑖 are corresponding risk factors. 

The coefficients are estimated by applying the Cox Proportional Hazard Model (Cox PH). The Cox 

PH model is [188] expressed as: 

ℎ(t) =  h0(t)𝑒(𝛽1𝑧1+ 𝛽2𝑧2  + ...+ 𝛽𝑝𝑧𝑝), (9)  

where: 

h(t) is determined by p covariates (𝑧1, 𝑧2, … . , 𝑧𝑝). The impact of each covariate is measured by their 

respective coefficients (𝛽1, 𝛽2, … . . , 𝛽𝑝). 

h0(t) is the baseline hazard when all the covariates are zero at time t. 

and ‘t’ in h(t) indicates that the hazard will change over time.  
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Table 14: Risk factors obtained from PREDICT study 

Risk Factors Type Categories 

Age (centered), Numeric  

Ethnicity Categorical European 

Māori 

Pacific 

Indian 

Chinese or other 

Asian 

 

New Zealand Deprivation Index (NZDep) Categorical 1(least deprived) 

2 

3 

4 

5(most deprived) 

 

Ex-smoker Categorical 0 = No 1 = Yes 

Current smoker Categorical 0 = No 1 = Yes 

Family history of premature CVD Categorical 0 = No 1 = Yes 

Atrial fibrillation Categorical 0 = No 1 = Yes 

Diabetes Categorical 0 = No 1 = Yes 

Systolic blood pressure (SBP, centered) Numeric  
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Total Cholesterol to High-Density 

Lipoprotein Cholesterol (TC:HDL) ratio 

(centered) 

Numeric  

BMI Categorical normal  

underweight  

overweight  

obesity class 1  

obesity class 2  

obesity class 3   

bmi unknown   

 

On BP-lowering medication Categorical 0 = No 1 = Yes 

On lipid-lowering medication Categorical 0 = No 1 = Yes 

On either antiplatelet or anticoagulant 

medications 

Categorical 0 = No 1 = Yes 

 

3.3.2 Study Design 
 

For patients whose SBP did not end in zero, a second SBP value was assigned by rounding the 

original measurement to the nearest zero end-digit. End digits one to four were rounded down, and 

six to nine were rounded up. The end digits of five were randomly rounded up or down with equal 

probability. This method replicates common rounding practices observed in routine healthcare for 

manually recorded measurements [180].  
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The impact of rounding SBP values is assessed by examining how rounding to the nearest zero-end 

digit affects CVD risk prediction and alters the model. Figure 5 illustrates the overall design to study 

the misclassification rates when a new survival model is fitted on the existing dataset with rounded 

SBP values. The detailed explanation of the design and the simulation study conducted is as follows:  

• Simulations were conducted for men and women separately. A CoxPH model (Model 1) was 

fitted using a subset of patients whose original BP (SBPoriginal) was measured without a zero-

end digit. The beta coefficients derived from Model 1 were used to calculate the 5-year CVD 

risk (Original Risk) for each individual, categorizing patients into three distinct CVD risk 

categories. 

• This subset of non-zero SBP values were rounded to the nearest zero-end digit (SBProunded). 

A new model (Model 2) was then fitted on this dataset. Coefficients of Model 2 were used to 

estimate the 5-year CVD risk (Rounded Risk). This process was repeated 10,000 times to 

account for variability and ensure robustness in the findings. At each simulation, individuals 

were categorized into one of three CVD risk categories based on their calculated 5-year risk. 

The total number of individuals in each risk category was recorded. The average number of 

individuals in each risk category across all 10,000 simulations was then computed, along with 

the 95% confidence intervals (CIs) to quantify the uncertainty around the risk classifications. 

• The model estimates in terms of Hazard Ratio (HR) were compared for both the models, i.e. 

Model 1 and Model 2, by assessing the relative difference between the two models, evaluated 

using equation (10). The classification results obtained from SBPoriginal and SBProunded were 

compared. This comparison allowed for an assessment of the extent of misclassification and 

the potential impact of rounding SBP values on the accuracy of CVD risk prediction. 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒  = 
 HR𝑀𝑜𝑑𝑒𝑙 2 − HR𝑀𝑜𝑑𝑒𝑙 1

HR𝑀𝑜𝑑𝑒𝑙 1
× 100 (10)  

To account for device calibration to the nearest 2 mmHg, we estimate the proportion of rounding in 

the whole cohort by dividing the data it into three groups: (1) non-zero end-digit SBP values, (2) true 

zero-end digits (20% prevalence), and (3) zero-end digits likely due to rounding. Using this estimate, 

we apply stratified sampling to select the same percentage of patients from the non-zero group and 
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round their SBP values. Stratified sampling ensures proportional representation across quantiles 

based on key CVD factors minimizing bias in risk profiles. This method accounts for variations across 

different risk profiles, thereby reducing the risk of over- or under-representation. After adjusting the 

data through rounding, we refit the Cox PH model using the updated dataset. The same simulation 

approach, as previously outlined in this paper, is then applied to assess the impact of rounding on 

CVD risk predictions and model performance.  

 

To study the financial impact, a comprehensive cost assessment is conducted for key resources 

used for CVD risk assessment. The cost associated with these resources were gathered from 

Figure 5: Process to evaluate misclassification rate by introducing a new model with rounded 
SBP. 
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multiple official sources that provide the latest cost schedules and medication prices relevant to CVD 

risk assessment and are presented below: 

1) Data Sources: 

a) Government Databases - Cost Resource manual and Community Pharmaceutical Schedule 

provided by Pharmaceutical Management Agency (PHARMAC) [189], [190]. 

b) Ministry of Health - Cardiovascular Disease Risk Assessment and Management for Primary 

Care document highlighting key variables for CVD risk assessment [82].  

2) Cost Variables: 

a) Consultation Fees  

b) Diagnostic Procedures 

c) Medications 

Based on these resources, the average cost in 5 years, associated with CVD risk management has 

been estimated. Additionally, a minimum and maximum cost range was estimated to account for 

variations. 

3.4 Results 
Our dataset includes BP measurements from 427,299 individuals in the PREDICT cohort. Among 

these, men (n = 241,036) reported an average age of 51.29 years (SD = 10.07 years), while women 

(n = 186,263) had an average age of 55.85 years (SD = 8.87 years). For men, 32.16% of the SBP 

values ended in a zero, while for women, this figure was 30.96%. Overall, approximately 32% of the 

total dataset consisted of SBP values ending in zero, with the remaining having non-zero end digits. 

Figure 6 shows the distribution of people across three CVD risk categories. The largest group of 

people falls into the lowest risk category, that is, having less than 5% risk of developing CVD within 

the next five years. A smaller proportion of people fall into the 5-15% risk group, with the smallest 

proportion in the high-risk category, which is >15%. 

Table 15 gives the demographics and risk factors pertaining to SBP end-digit groups for men and 

women. After excluding individuals with a history of CVD or those with SBP values ending in zero, 

the study resulted in a final cohort of 163,528 men and 128,594 women. 
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Table 15: Overview of demographics and risk factors about SBP end-digit groups among men and women 

Risk Factors MEN (N= 163,528) WOMEN (N= 128,594)  
SBP End-Digit (%) 

 
SBP End-Digit 

(%) 

 

 
Zero Other Total Zero Other Total 

Self-Identified Ethnicity 
      

European 29.30% 70.70% 138,195 28.50% 71.50% 103,922 

Māori 32.30% 67.70% 31,473 30.30% 69.70% 27,141 

Pacific 37.30% 62.70% 35,083 35.20% 64.80% 27,660 

Indian 35.70% 64.30% 21,500 34.90% 65.10% 14,100 

Chinese or other Asian 41.60% 58.40% 14,785 38.40% 61.60% 13,440 

NZ Dep quintile 
      

1 (least deprived) 31.00% 69.00% 53,260 30.60% 69.40% 41,210 

2 31.30% 68.70% 47,818 30.00% 70.00% 36,545 

3 31.30% 68.70% 42,676 30.20% 69.80% 33,131 

4 32.70% 67.30% 44,152 31.70% 68.30% 34,078 

5 (most deprived) 34.40% 65.60% 53,130 32.20% 67.80% 41,299 

Ex-smoker 
      

Yes 29.60% 70.40% 44,540 27.70% 72.30% 28,929 

No 32.70% 67.30% 196,496 31.60% 68.40% 157,334 

Current smoker 
      

Yes 33.70% 66.30% 40,287 30.90% 69.10% 23,798 

No 31.90% 68.10% 200,749 31.00% 69.00% 162,465 

Figure 6: Proportion of patients in each 5-year CVD risk range 
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Family history of premature 

cardiovascular disease 

      

Yes 28.10% 71.90% 23,452 27.40% 72.60% 21,969 

No 32.60% 67.40% 217,584 31.40% 68.60% 164,294 

Atrial fibrillation 
      

Yes 28.00% 72.00% 4060 26.70% 73.30% 1982 

No 32.20% 67.80% 236,976 31.00% 69.00% 184,281 

Diabetes 
      

Yes 31.80% 68.20% 24,063 32.00% 68.00% 22,475 

No 32.20% 67.80% 216,973 30.80% 69.20% 163,788 

Blood-pressure-lowering 

medication 

      

Yes 28.20% 71.80% 49,261 28.40% 71.60% 50,728 

No 33.20% 66.80% 191,775 31.90% 68.10% 135,535 

Lipid-lowering medication 
      

Yes 30.10% 69.90% 40,013 30.40% 69.60% 31,478 

No 32.60% 67.40% 201,023 31.10% 68.90% 154,785 

Antithrombotic medication 
      

Yes 29.80% 70.20% 24,384 30.20% 69.80% 19,186 

No 32.40% 67.60% 216,652 31.10% 68.90% 167,077 

BMI 
 

     

normal  33.20% 66.80% 41,862 31.40% 68.60% 44,654 

underweight  35.90% 64.10% 781 31.50% 68.50% 1869 

overweight  30.80% 69.20% 82,268 30.00% 70.00% 46,082 

obesity class 1 30.90% 69.10% 46,854 30.20% 69.80% 29,691 

obesity class 2 30.90% 69.10% 17,787 30.10% 69.90% 16,621 

obesity class 3 32.20% 67.80% 10,070 30.40% 69.60% 13,918 

BMI unknown 35.60% 64.40% 41,414 33.10% 66.90% 33,428 

 

While comparing the estimates for Model 1 and Model 2 for both men and women, the highest 

relative difference for men and women was about 0.60%. This relative difference is illustrated in 

Figure 7. Further details regarding the HRs of the models are presented in Table 36 and Table 37 in 

Appendix A. 

(a) 
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To evaluate the stability and reliability of the Cox PH model in categorising individuals into distinct 

risk categories, we performed a series of simulations with varying sample sizes (ranging from 10 to 

15,000). Analysis for women presented in  Figure 8 indicated that within roughly 5000 iterations, the 

variability in classification accuracy stabilized, as demonstrated by minimal fluctuations in the 

percentage of correct classifications and overlapping 95% confidence intervals. Same pattern was 

observed for men as well. The results suggest that beyond 5000 simulations, additional runs 

contribute little to overall accuracy improvement. We increased the simulation count to 10,000 for 

the analysis, to enhance the robustness of our estimates, mitigate potential random fluctuations 

associated with smaller counts, and strengthen the robustness of our conclusions. 

Figure 9 shows the plots for misclassification in three risk groups due to rounding SBP for men and 

women. More under classification is noted than over classification with higher proportion of 

misclassification noted for men compared to women. The plots show that approximately 4.24% of 

high-risk men and 3.21% of high-risk women are misclassified into lower-risk categories. 1.19% of 

men are overclassified into a moderate-risk group, and 0.47% into a high-risk group. For women, 

0.62% are overclassified into the moderate-risk group, and 0.20% into the high-risk group. 

(b) 

Figure 7: Relative change in the HR due to rounding for (a) men and (b) women respectively. 
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Table 38 in Appendix A provides the 95% CI values for the misclassification rates for each risk group. 

While there is minimal deviation in the HRs for all the predictors used in Equation (1), there is still a 

notable misclassification in cardiovascular risk groups when rounding the SBP values to the nearest 

zero-end digit. The average number of people misclassified into different risk groups are mentioned 

in Table 16. For instance, among women in our sample, 670 moderate risk patients are misclassified 

as low risk, leading to undertreatment, whilst 654 low risk patents are misclassified as moderate risk, 

which could lead to overtreatment. Similarly, we found that 1,291 men previously in moderate risk 

group were misclassified to low-risk group, and 1,354 men initially in the low-risk category are 

incorrectly classified as moderate risk. 

The results in Table 16 are generated by rounding all non-zero SBP values. As discussed earlier, 

around 32% of the data has zero end-digit. Assuming device calibration to the nearest 2 mmHg, 

there is around 12% data that was rounded to nearest zero end-digit. After adjusting for entire cohort, 

on average, 304 patients (193 men and 111 women) were undertreated, while 308 patients (201 men 

and 107 women) were overtreated due to misclassification.  

Figure 8: Accurate classification across risk groups by simulation count for women 
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Table 16: Misclassification count for men and women along with 95% CI’s 
  

Rounded Risk  

 Original 

Risk 

<5% 5–15% >15% Total 

Women <5% 105,629 

(105,599–

105,656) 

654 

(627–684) 

0 106,283 

 
5–15% 670 

(639–703) 

20,196 

(20,162–

20,227) 

43 

(35–51) 

20,909 

 
>15% 0 45 

(39–52) 

1357 

(1350–1363) 

1402 

Men <5% 112,257 

(112,214–

112,296) 

1354 

(1315–1397) 

0 113,611 

 
5–15% 1291 

(1250–1334) 

43,839 

(43,784–

43,888) 

215 

(193–241) 

45,345 

 
>15% 0 194 

(181–208) 

4378 

(4364–4391) 

4572 

 

Results from stratified sampling across 100 iterations showed minimal deviation in the 

misclassification rates, with a maximum variation of only 0.001 and overlapping confidence intervals. 

The average estimates of the misclassification rate are presented in Table 39 in the Appendix A. No 

significant changes were observed in the overall survival model when generalized to the whole 

Figure 9: Misclassification plots due to rounding per risk group for men and women 
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cohort. Further details on the hazard ratios from the model can be found in Table 36 and Table 37 in 

the Appendix A. 

3.5 Financial Impact 
 

The cost data was sourced from the PHARMAC Cost Resource Manual [189]. This manual provides 

key pricing information relevant to the funding of pharmaceuticals, including consultation and 

diagnostic costs. The gathered data, along with minimum and maximum cost ranges, are presented 

in Table 17. This table outlines the total consultation and diagnostic costs (in NZD) over a 5-year 

period for the three cardiovascular risk groups. The estimates account for the differences in follow-

up assessments specific to each risk group. They also reflect the variations in the frequencies of 

healthcare interventions required for effective risk management across different risk levels. 

Additionally, medication cost estimates were derived from various reports on type of medications 

recommended in New Zealand. These estimates were based on the community pharmaceutical 

schedule [190], which lists all medications funded for New Zealand residents. Table 18 details the 

daily per-dose cost of three commonly prescribed medications for managing CVD: statins, 

antihypertensives, and aspirin[30], [191], [192].  

The medications are typically prescribed for long-term CVD prevention[193], [194], [195]. For 

individuals with a CVD risk of less than 5%, lifestyle changes are primarily recommended, and 

medication is not generally prescribed. In contrast, for those with a risk greater than 15%, the total 

estimated cost in 5 years per person ranges from NZD $1,198 to NZD $5,908, reflecting variations 

in the type and dosage of medications prescribed.  

For moderate risk patients, there is evidence that statins and antihypertensives are recommended, 

as they have been shown to provide significant benefits in reducing cardiovascular events [196], 

[197]. Addition of antithrombotics is considered beneficial only for secondary prevention in those with 

higher CVD risk (≥15%), where the benefits generally outweigh the risks despite the potential for 

side effects like gastrointestinal bleeding and ulceration [193]. However, the decision to prescribe 

additional medications ultimately depends on the physician's assessment of the patient’s overall 
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health profile, including comorbidities and specific risk factors [82]. For cost estimation of moderate 

risk group, prices of statins and antihypertensives are used, as they are commonly prescribed 

medications. The average estimated total cost in 5 years is NZD $1255.38 per person ranging from 

NZD $766 to NZD $4669. This approach conservatively estimates cost as the actual cost could vary 

based on medication type and the number of medications prescribed. 

Table 17: Estimated Cost breakdown for consultation and diagnostic resources used in CVD risk assessment. 
 

Frequency of 

Assessment (in 5 

Years) 

Minimum 

Cost 

Cost Maximum 

Cost 

GP Visit 
 

NZD 80.00 NZD 80.00 NZD 80.00 

Nurse Visit 
 

NZD 40.00 NZD 40.00 NZD 40.00 

Lipid Profile Test 
 

NZD 11.64 NZD 22.89 NZD 46.50 

Blood Glucose Test 
 

NZD 15.12 NZD 24.27 NZD 39.50 

Electrocardiogram (ECG) 
 

NZD 60.00 NZD 68.80 NZD 85.00 

Cost (Annual) 
 

NZD 206.76 NZD 235.96 NZD 291.00 

Cost (in 5 years) 
   

  

  Risk Category: <5% 2 NZD 413.52 NZD 471.92 NZD 582.00 

  Risk Category: 5–15% 3 NZD 620.28 NZD 707.88 NZD 873.00 

  Risk Category: >15% 5 NZD 1033.80 NZD 1179.80 NZD 1455.00 

 

Table 18: Estimated Cost breakdown for medication prescribed for CVD management. 
 

Minimum Cost Cost Maximum Cost 

Statins NZD 0.05 NZD 0.05 NZD 0.05 

Antihypertensives NZD 0.03 NZD 0.25 NZD 2.03 

Antithrombotics NZD 0.01 NZD 0.14 NZD 0.36 

Cost (Annual) NZD 32.85 NZD 160.60 NZD 890.60 

Cost (in 5 years) 
  

  

Risk Category: <5% NA NA NA 

Risk Category: 5–15% NZD 146.00 NZD 547.50 NZD 3796.00 

Risk Category: >15% NZD 164.25 NZD 803.00 NZD 4453.00 
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For around 2008 overclassifications into a moderate-risk category for men and women, as shown in 

Table 16, expenses of approximately NZD $1.57 million will be incurred, with expenses ranging up 

to NZD $8.2 million. Additionally, the misclassification of 1961 men and women into the low-risk 

category leads to undertreatment, which significantly impacts hypertension management and 

increases the likelihood of adverse outcomes, such as cardiovascular events, renal dysfunction, and 

all-cause mortality[198]. Undertreated patients are at a higher risk of experiencing these adverse 

events, contributing to increased healthcare costs. The inpatient cost for managing cardiovascular 

events ranges from NZD $1,200 for a hospital medical ward to NZD $5,500 per patient for an ICU, 

expenses that could largely be avoided through accurate risk assessment and timely 

intervention[189].  

3.6 Discussion and Conclusion 
This research evaluated the impact of rounding by applying it to the entire subset of non-zero SBP 

records and then generalizing the results to the entire cohort. Although the overall model showed 

only slight variations in both cases, notable misclassification was still observed. This misclassification 

contributes to an increased healthcare burden, as it affects the accuracy of risk classification, 

potentially leading to inappropriate medical interventions. As a result, patients may not receive the 

necessary treatment, ultimately compromising their health outcomes and increasing the likelihood of 

adverse cardiovascular events. Potential solutions to reduce rounding errors emphasise the need 

for education programs highlighting the impact of rounding for healthcare practitioners with periodic 

retraining in BP measurement. Implementing these strategies can improve the reliability of CVD risk 

assessment tools, ultimately supporting better clinical outcomes and more informed decision-making 

for both healthcare providers and policymakers. 

The practice of recording BP with a zero end-digit, known as "zero end-digit preference," is common 

in primary care, particularly during routine measurements [199]. This poses significant implications 

when healthcare professionals employ equations like the PREDICT-1 equation to estimate a 

patient's 5-year CVD risk [118]. It was assumed that the measurement device being used were 

standard manual auscultatory sphygmomanometers as they remain the gold standard for non-
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invasive BP measurement due to its accuracy compared to other devices. The manual 

sphygmomanometers continue to serve as the reference standard for validating other devices in 

development and clinical studies as per almost all the international guidelines [49], [200]. Thus, it 

becomes crucial to understand the impact of rounding, a prevalent practice in clinical settings. [180]. 

However, there has been no information gathered since then, regarding the type of measurement 

device used, emphasizing the need for improved data collection in the future.  

This work used a substantial patient cohort sourced from over 400 general practitioners (GPs) and 

analysed data from standard primary care settings, where healthcare providers measured SBP 

during routine visits [180]. It was assumed that individuals with non-zero SBP values had their BP 

recorded more accurately, given the lack of evidence for rounding to other end digits [180]. The 

analysis estimates the upper-bound impact of rounding errors by rounding non-zero SBP values and 

also includes a generalized version for the entire cohort. 

The prevalence and implications of zero end-digit preference have been addressed in previous 

studies. Research involving 85,000 BP measurements in patients with ischaemic heart disease in 

England discovered that zero end-digit preference accounted for 64% of SBP and 59% of DBP 

measurements [114]. A study demonstrated that error variance of the associations between BP and 

both BMI and age was higher when zero end-digit preference for BP readings were employed in 

comparison to unbiased readings [118].  

The observed effect of BP rounding on CVD risk misclassification highlights the importance of 

establishing measures to minimise rounding inaccuracies in clinical assessments. Standardising BP 

measurement techniques is an essential initial step, prioritising the training of clinical personnel to 

accurately document readings. Many large surveys including National Health and Nutrition 

Examination Survey have advocated appropriate certification and periodic re-certification as a 

means to mitigate these errors [201]. Transitioning to digital sphygmomanometers, where feasible, 

can reduce human error and provide consistency across providers. The use of automated devices 

has demonstrated efficacy in reducing zero end-digit preference in studies like Hypertension Optimal 

Treatment and Anglo-Scandinavian Cardiac Outcomes Trial  [118]. It is recommended to revise 

clinical guidelines to consider the effects of BP rounding on CVD risk assessment, in addition to 
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conducting regular educational sessions that highlight the importance of precise measurement in 

risk classification. 

Evidence shows higher proportion of misclassifications in lower risk categories for both men and 

women, a trend that may be influenced by the greater representation of individuals within the lower-

risk group among NZ's population. This study demonstrated that BP measurements were more 

frequently rounded down than up at various stages of hypertension. The propensity to round down 

may result in a higher frequency of individuals being under classified instead of overclassified into 

lower-risk categories, as BP demonstrates a positive correlation with CVD risk [202]. This influence 

can potentially lead to either mistreatment of an individual when considering other relevant factors 

[203]. If undertreated, the individual might not be prescribed necessary medications or lifestyle 

changes to manage their actual higher risk, leading to delay in necessary treatment which might 

increase the likelihood of adverse CVD events. Conversely, overtreatment may subject individuals 

to unnecessary interventions and frequent monitoring, leading to inefficiencies in healthcare 

resource allocation [204] [205]. While estimating cost, it was assumed that all individuals in the 

moderate risk group are only prescribed statins and antihypertensives. Despite being a conservative 

estimate, it amounted to be a large financial burden. With additional information, the estimate might 

be much higher. Hence, accurate classification is foremost in CVD risk management.  

Research highlights the importance of achieving treatment targets to prevent cardiovascular events. 

Maintaining optimal BP control, as per the 2017 American College of Cardiology / American Heart 

Association guidelines could prevent 71.9 cardiovascular events per 1,000 treated individuals over 

10 years [206]. Failure to initiate appropriate interventions or adhere to recommended treatments 

increases the risk of cardiovascular events by 20% and mortality by 35%. This leads to extended 

hospital stays and a heavier long-term healthcare burden. Accurate risk classification and early 

management are therefore essential in reducing both clinical and financial strain[207].  

The likelihood of BP rounding may be dependent on certain confounding factors, such as 

socioeconomic status, e.g. high NZDep scores, or access to better healthcare facilities. However, 

due to the lack of data or research on these specific factors, it was not feasible to account for them 

in the study. This limitation emphasises the need to conduct future research to investigate the 



   Chapter 3- Manuscript 1 

77 
 

potential impact of these variables on BP rounding practices, thereby enabling more precise 

generalization and adjustment for potential confounders. 

We acknowledge that there are various other sources of BP measurement errors, such as device 

calibration issues, repeated measurements and patient factors like white coat hypertension or 

improper cuff size, which can all influence treatment decisions [176], [208]. However, this study 

specifically focuses on the impact of rounding errors on treatment thresholds established by the 

Ministry of Health in NZ [82]. The results provide additional insights into the existing body of 

knowledge, highlighting that while they are not the sole determinant, they are an important factor in 

clinical decision-making. Future research should also consider the additional sources of error to 

provide a more comprehensive understanding of the challenges in accurate BP measurement and 

improve clinical outcomes. 

The interpretation of our study findings is particular to the New Zealand context, as we are 

investigating the impact of rounding BP on CVD risk prediction using New Zealand based guidelines 

and data. These outcomes may differ in various nations due to variations in attributes, such as 

ethnicity, socioeconomic level, and healthcare practices. Furthermore, our healthcare cost estimate 

is based on cost schedules from PHARMAC, a NZ government agency, which may vary from cost 

structures and insurance procedures in other nations. Future research in other regions may yield 

comparative insights and evaluate the relevance of these findings across varied healthcare systems. 
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CHAPTER 4. IMPACT OF DEVICE-RELATED INACCURACIES IN 

BLOOD PRESSURE MEASUREMENTS ON CARDIOVASCULAR 

RISK CLASSIFICATION IN NEW ZEALAND (Manuscript 2). 

 

4.1 Prelude 
 

Chapter 2 reviewed research on device inaccuracies in clinical practice. Building on this, Chapter 4 

examines the impact of blood pressure (BP) measurement errors arising from inaccuracies in 

automated cuff-based sphygmomanometers. Even when within internationally allowable error limits, 

these inaccuracies can distort BP readings, leading to potential misclassification of patients into 

incorrect cardiovascular risk categories. This misclassification may, in turn, influence clinical 

decision-making and patient outcomes. The aim of this study is to quantify how such device errors 

affect risk classification and evaluate their potential clinical implications. 

A 5-year CVD risk was assessed for 427,299 individuals aged between 30-74 years. Baseline SBP 

values were used to evaluate a 5-year CVD risk, subsequently adjusted after considering device-

related inaccuracies in Systolic Blood Pressure (SBP) measurements. Survival models were used 

to estimate risk, with hazard ratios as the foundation for model comparisons. The misclassification 

rates across three CVD risk categories (<5%, 5–15%, >15%) resulting from device 

inaccuracies were examined, together with the financial implications of these misclassifications. 

The highest recorded misclassification rates indicated that as much as 7.50% of men were 

inaccurately classified into higher-risk groups, while roughly 1.97% were misclassified into lower-risk 

categories. Among women, around 5.65% were overclassified, and approximately 1.02% were 

under-classified.   

Automated device-related inaccuracies in SBP measurements affect CVD risk classification and this 

could have significant financial implications. Instructing healthcare workers on these effects is crucial 

to advocate for more stringent standards for blood pressure devices, hence improving accuracy and 

clinical results. 
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4.2 Introduction 
 

Blood Pressure (BP) measurement is crucial in assessing cardiovascular health. High BP contributes 

to heart attacks, heart failure and other cardiovascular conditions. In particular, systolic blood 

pressure (SBP) is a significant predictor of cardiovascular events [209],[210]. Even within normal 

SBP ranges, maintaining lower levels is linked to a reduced risk of cardiovascular diseases (CVD), 

emphasising the importance of optimal SBP management [109]. According to the World Health 

Organization (WHO), CVD accounts for around 32% of global mortality [211]. 

Manual measurement using a manual auscultatory devices, and a stethoscope is considered the 

gold standard of BP measurement. However, this method is technically demanding and often leads 

to faulty values. To address these challenges, automated BP devices have been developed that 

simplify the measurement process and reduce technical difficulties [212]. Despite advancements, 

BP measurement is still prone to errors. Automated devices may be more reliable in reducing human 

error compared to manual sphygmomanometers, but these devices are not immune to inaccuracies 

[213]. Even minor errors in BP measurement can have significant consequences. For instance, an 

underestimation of BP by merely 5 mmHg can result in the misclassification of millions of individuals 

[174], which poses substantial risk for fatal strokes and myocardial infarctions [175]. Hence, it 

becomes crucial to understand the impact of errors in BP measurement on CVD risk prediction when 

measurements were taken using automated BP devices that have a certain level of inaccuracy. 

Different types of errors can affect BP measurements, including systematic and random errors. A 

study in the US investigated the impact of systematic and random errors in measuring BP on the 

prevalence of high BP among adults [214]. Systematic errors, arising from number of technician and 

device related factors, were added and subtracted from the original measurements. These 

adjustments caused the proportion of high BP to increase to 44.4% with higher BP measurements 

and dropped to 21.9% with lower measurements, compared to 32.0% when standardized 

measurements were used. Similarly with random errors, 21.4% of US adults not taking 

antihypertensive medication and 20.5% of those taking antihypertensive medication had their high 

BP classification changed. These systematic and random errors were selected based on acceptable 
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error limits as per international standards, prior studies of the differences in SBP and DBP between 

routine care and research-grade measurements [215][216][177][217].   

To address the challenges posed by biases in BP measurements, national regulators have made 

substantial efforts to standardise global regulations for medical devices. Manufacturers must adhere 

to standardised protocols when designing BP devices to ensure that inaccuracies remain within an 

acceptable range, generally represented as the mean error ± standard deviation (SD) of BP errors 

for non-invasive methods. ISO 81060-2:2018 specifies the criteria for the clinical evaluation of 

automated, non-invasive sphygmomanometers [49]. This standard has been adopted and 

acknowledged by many national regulators, superseding region-specific standards [132]. 

ISO standard establishes standards for assessing the acceptable accuracy of sphygmomanometers. 

Its origin trace back to the establishment of the American Standard for manual, electronic, or 

automated sphygmomanometers known as SP10 [200]. ISO, similar to SP10, mandates a minimum 

sample size (N) of 85 participants for assessing the inaccuracy of the BP device. Considering data 

collection protocols, such as using appropriately sized cuffs, ensuring patients are seated for 5 

minutes and other similar measures, the standard defines acceptable error limits. For a particular 

sample mean error, the SD of the error must not exceed a threshold. Table 8 in Section 2.4.2 shows 

the upper limit of SD for a given mean as stipulated by the standard. The standards set error limits 

but do not absolutely prevent measurement inaccuracies. The impact of these error margins on 

patient’s health, particularly regarding misdiagnoses of conditions like CVD, remains uncertain and 

invites further analysis.  

Therefore, this study aims to investigate the impact of BP measurement inaccuracies on the 

misclassification of patients into CVD risk groups within the New Zealand (NZ) population. NZ has 

its own CVD risk prediction equation known as the PREDICT-1 equation, which is currently used to 

classify patients into three risk categories (<5%, 5-15%, and >15%) as established by the Ministry 

of Health [53]. These risk categories guide clinicians in recommending appropriate interventions, 

setting goals, and planning follow-up care based on the assessed cardiovascular risk. Hence, this 

research focuses on how these BP measurement inaccuracies could influence clinical decision-
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making and patient outcomes. The research further investigates the effects of these device-related 

misclassifications on the total cost of healthcare in the NZ healthcare system. 

4.3 Methods 
 

The PREDICT-1 equation is a CVD risk prediction equation developed using the data gathered for 

427,299 people in NZ. These equations were derived using the Cox proportional hazard (Cox PH) 

model, which allows for the assessment of time-to-event data [188]. The cohort study used to 

develop these equations is the PREDICT study, an ongoing, open cohort study in NZ that 

automatically enrols participants when primary health-care practitioners conduct standardised CVD 

risk assessments using PREDICT decision support software [218].  

The software automatically fills PREDICT risk factor templates using patient records. Clinicians must 

complete any missing data prior to calculating CVD risk and finalising recruitment. The participant 

risk factor profiles recorded by the software are consistently linked to national databases that 

document drug dispensing, ICD-coded hospitalisations, and CVD related fatalities.  

4.3.1 Study Design  
 

This study examined primary care patients who underwent CVD risk assessments at primary 

healthcare organisations using the PREDICT software. The cohort comprised 427,299 individuals, 

both men and women, aged 30-74 years at the time of their initial risk assessment. Individuals having 

a history of CVD, congestive heart failure, or renal disease were excluded based on diagnoses from 

general practitioners, hospital discharge records, and the dispensing of anti-anginal medications and 

loop diuretics. Data for 5 ethnic groups, namely European, Māori, Pacific, Indian and Chinese has 

been recorded. For each individual in the cohort, two BP measurements were taken, and their 

average was used in the development of the PREDICT-1 equation. All analyses were conducted 

over three risk categories, namely: low (<5%), moderate (5-15%) and high (>15%). 

Recognizing that SBP measurements can be subject to errors that typically follow a normal 

distribution [49], we simulated these errors according to international standards such as ISO. Hence, 

normally distributed random values were generated using specified means and their respective SD 
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that align with acceptable limits outlined in these standards[49]. The maximum allowed mean error 

for SBP measurements is 5 mmHg. Therefore, we considered three mean values for our simulation: 

1. Mean = 0 mmHg, SD = 6.95 mmHg. 

2. Mean = 2.5 mmHg, SD = 6.47 mmHg. 

3. Mean = 5 mmHg, SD = 4.81 mmHg. 

These three scenarios encompass a range of potential errors, including the minimum, intermediate, 

and maximum mean errors. We focus on the potential problems that arise when patients who are at 

moderate risk are misclassified as low risk. This misclassification can lead to significant 

undertreatment because low-risk patients are usually given lifestyle recommendations rather than 

medication. While moderate-risk patients typically receive medication based on clinical evaluations, 

high-risk patients get more comprehensive medical care, similar to those with a prior CVD.  

4.3.2 Simulation and Analysis 
 

The simulation is designed to assess the impact of device errors on CVD risk prediction by analysing 

how errors in SBP measurements would potentially influence risk classification. The study assumes 

that the SBP values originally recorded in the dataset are error-prone, referred as SBPerror, meaning 

they were measured using a device with inherent inaccuracies. The device inaccuracies are removed 

in the form of normally distributed errors with above specified means and standard deviations, 

referred as SBPadjusted. The design of the study is illustrated in Figure 10, and explained in the following 

steps: 

1. Stratification by Risk Categories 

All analyses are stratified into three risk groups. This stratification allows us to evaluate the impact 

of device errors across different levels of risk, providing a comprehensive understanding of how 

measurement errors influence risk prediction outcomes. 

2. Calculation of 5-Year CVD Risk with SBPerror 

In the initial stage of the analysis, the 5-year CVD risk is calculated using the original SBPerror values. 

The 5-year CVD risk for each individual is estimated by applying the Cox PH model (original model) 
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on the dataset, where SBPerror values are used as risk factors as expressed in Equation (11). This 5-

year risk score is referred as the original risk. The original risk represents the predicted probability 

of a CVD event occurring within 5 years. 

ℎ(𝑡)

 ℎ0(𝑡)
= 𝑒(𝛽1𝑆𝐵𝑃𝑒𝑟𝑟𝑜𝑟+ 𝛽2𝑧2  + .. .. .. + 𝛽𝑝𝑧𝑝)  

(11)  

In equation (11), 
ℎ(𝑡)

 ℎ0(𝑡)
 is the hazard ratio (HR) that describes how the hazard changes as a function 

of the covariates. 

h(t) is the hazard at time t 

h0(t) is the baseline hazard when all covariates are zero 

Covariates 𝑆𝐵𝑃𝑒𝑟𝑟𝑜𝑟, 𝑧2  ,…, 𝑧𝑝  are individual risk factors and 𝛽1, … , 𝛽𝑝 are their corresponding beta 

coefficients. 

3. Adjustment of SBP and Recalculation of 5-Year CVD Risk 

Recognizing that SBP measurements can have device-related errors, the next step is to adjust these 

measurements and obtain SBPadjusted, in which simulated errors are removed. This adjustment allows 

for recalculating the CVD risk with adjusted SBP values, providing an approximation to a simulated 

actual SBP. Once the SBPerror values are replaced with SBPadjusted, a new 5-year CVD risk is 

calculated for each individual referred to as adjusted risk. The adjusted risk represents the risk 

estimation after accounting for device inaccuracies, using the SBPadjusted. All other variables in the 

dataset are unaltered. An updated CoxPH model (adjusted model) as expressed in Equation (12) is 

used to calculate the adjusted risk. 

ℎ(𝑡)

 ℎ0(𝑡)
= 𝑒(𝛽1𝑆𝐵𝑃𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑+ 𝛽2𝑧2  + .. .. .. + 𝛽𝑝𝑧𝑝)  

(12)  

4. Simulation Study for SBPadjusted 

To reduce the risk of variability while generating errors in the above step, the process is repeated 

10,000 times. This simulation is useful to evaluate the practical impact of SBPadjusted 

measurements on risk prediction. It also highlights the variability in risk classification.  



   Chapter 5- Manuscript 3 

84 
 

For each simulation, the 5-year CVD risk is recalculated using the SBPadjusted values. The impact of 

these corrections is analysed by comparing the Adjusted Risk to the Original Risk, specifically 

focusing on how individuals are classified into different risk groups. The average misclassification 

rate across the simulations is calculated, along with its 95% confidence interval, to assess how 

measurement errors affect CVD prediction. To assess comparisons between the model estimates of 

the two models being tested, the relative difference between the hazard ratios is examined, which is 

defined in Equation (13) as, 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒,% = 
 HR𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑀𝑜𝑑𝑒𝑙 − HR𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑀𝑜𝑑𝑒𝑙 

HR𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑀𝑜𝑑𝑒𝑙

∗ 100 
(13)  

 

           Figure 10: Process flow diagram to evaluate misclassification rate by introducing a new model with adjusted SBP 
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4.4 Results 
The dataset used in the analysis contains 241,036 men with an average age of 51.29 years 

(Interquartile Range, IQR = 14 years, and SD = 10.07 years) and 186,263 women with an average 

age of 55.85 years (IQR = 13 years and SD = 8.87 years). The HRs for adjusted models represent 

the average of 10,000 simulations conducted for Model 2, with a maximum variation of only 0.007 

between the HRs across all simulations. More detail is provided in Table 40 and Table 41 in Appendix 

B regarding the HRs for men and women. Upon examining the variations in HRs for both genders at 

SD=6.95 mmHg (the maximum permissible SD), we observed no substantial discrepancies between 

the original dataset and the dataset that accounts for the errors. The highest relative difference 

among the HRs for all the variables was observed 3.5% and 1.6% for men and women; also 

presented in Figure 31 in Appendix B.  

Even though there was no notable difference observed in the models, misclassification of risk 

categories due to device errors persisted. Figure 11 and  Figure 12 provide plots showing 

misclassification patterns for different combinations of mean and SD, highlighting the impact of 

device errors. While the degree of misclassification varied, the maximum observed misclassification 

rates showed that up to 7.50% of men were overclassified into higher-risk categories, and 

approximately 1.97% were under-classified into lower-risk categories. Among women, a maximum 

of 5.65% were overclassified, while around 1.02% were under-classified. The detailed version of the 

misclassification rates with their corresponding 95% CIs are provided in Table 42, Table 43 and Table 

44 in Appendix B. 

According to the established guidelines, the maximum allowable SD is 6.95 mmHg, resulting in about 

4896 patients being undertreated and 4650 being overtreated due to misclassification also presented 

in Table 19. These results indicate an unnecessary expenditure of roughly NZD 5.84 million with the 

potential to increase to NZD 21.71 million in 5 years. This estimate is based on cost data presented 

in Chapter 3, that provides a detailed breakdown of expenses associated with CVD risk assessment 

and treatment [219]. Table 20 presents comprehensive average misclassification counts, for the 

three risk groups. Furthermore, undertreated patients do not receive adequate treatment, which 
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increases their risk of unfavourable CVD events and all-cause death, resulting in increased 

healthcare costs. The inpatient cost of managing cardiovascular events ranges from $1,200 for a 

hospital medical ward to $5,500 per patient for an ICU, charges that may be significantly reduced 

with precise risk assessment and appropriate management [189].  
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Figure 11: Misclassification plot for different combination of acceptable device errors for men. 
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Figure 12: Misclassification plot for different combination of acceptable device errors for women. 
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Table 19: Misclassification count after accounting for (a) error ~ N (0,6.95) (b) error ~ N (2.5,6.47) (c) error ~ N (5,4.81) 

(a) 

 
Model 1 with 
SBPerror 

Model 2 with SBPactual 
 

  <5% 5-15% >15% Total 

Men Results 

 <5% 164890 3321 0 168211 

 5-15% 3153 62477 521 66151 

 >15% 0 501 6173 6674 

      

Women Results 

<5% 152667 1575 0 154242 

 5-15% 1497 28440 128 30065 

>15% 0 111 1845 1956 

 

(b) 

 
Model 1 with 
SBPerror 

Model 2 with SBPactual 
 

  <5% 5-15% >15% Total 

Men Results 

 <5% 165082 3129 0 168211 

 5-15% 2977 62686 488 66151 

 >15% 0 471 6203 6674 

      

Women Results 

<5% 152762 1480 0 154242 

 5-15% 1411 28535 119 30065 

>15% 0 103 1853 1956 

 

(c) 

 
Model 1 with 
SBPerror 

Model 2 with SBPactual 
 

  <5% 5-15% >15% Total 

Men Results 

 <5% 165804 2407 0 168211 

 5-15% 2320 63465 366 66151 

 >15% 0 363 6311 6674 

      

Women Results 

<5% 153113 1129 0 154242 

 5-15% 1091 28885 89 30065 

>15% 0 78 1878 1956 
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Table 20: 5-year cost estimates for the three risk groups. 

Risk Group Cost Minimum Cost Maximum Cost 

<5% NZD 471.92 NZD 413.52 NZD 582.00 

5-15% NZD 1255.38 NZD 766.28 NZD 4669.00 

>15% NZD 1982.80 NZD 1198.05 NZD 5908.00 

 

Figure 13 illustrates the classification accuracy for different SD in device errors. This highlights the 

effect of varying SD on classification accuracy for (a) men and (b) women. The two vertical dotted 

lines represent the permissible range of SD values as per ISO. The figure shows the percentage of 

correct classifications across three CVD risk categories. As the SD increases from 0 to 6.95 mmHg, 

a general decline in classification accuracy is observed for all risk groups. Even within the allowable 

SD range, a noticeable decrease in classification accuracy is evident. At the upper limit of the 

permissible SD (6.95 mmHg), the classification accuracy reaches approximately 92.5% for men, 

while for women, the accuracy is around 94.5%. At the SD value of 4.81 mmHg, which represents 

the maximum permissible SD for the minimum mean error (0 mmHg), the classification accuracy for 

men is slightly higher than at 6.95 mmHg, though still showing a notable decline compared to lower 

SD values. At an SD of 4.81 mmHg, the classification accuracy for men is roughly 94.5%, while for 

women it is around 96%, suggesting that despite this acceptable level of device error, a certain 

degree of misclassification remains. It is also noteworthy that the higher risk categories (5-15% and 

>15%) are more susceptible to incorrect classification despite having a relatively smaller population 

being classified into these categories.  

4.5 Discussion and Conclusion 
 

The results suggest that the estimation of five-year CVD risk in NZ patients may either be 

overestimated or underestimated even when BP measurements are obtained using devices that 

comply with allowable inaccuracies as defined by international standards.  Despite adherence to 

these standards, such devices can still introduce misclassification across different CVD risk 

categories. 
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(a)  

 

(b)  

Figure 13: Accurate Risk classification after accounting for the normal errors with a 
range of standard deviation for (a) men and (b) women. 
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The findings indicate a stronger propensity toward overestimation of risk for both men and women 

compared to underestimation, a trend potentially influenced by a higher proportion of patients in the 

lower-risk categories within NZ population. Overestimation may result in unnecessary treatments, 

contributing to a significant healthcare burden. Conversely, underestimation increases the likelihood 

of adverse events over time, resulting in increased long-term healthcare costs and negatively 

affecting patient outcomes by delaying preventive interventions. 

Several studies have highlighted higher inaccuracies particularly when employing different 

techniques or algorithms that deviate from standard practices [141], [220]. However, in this study, 

we adopt a conservative approach by examining the impact of device errors strictly within the 

allowable range defined by international standards. This approach ensures that our analysis focuses 

on understanding the potential implications of inaccuracies that are considered acceptable in clinical 

practice. 

BP measurements may be affected by multiple factors associated with the patient, the technician, or 

the device, resulting in systematic or random deviations from the true BP value [176], [208]. BP 

overestimation may arise if measurement protocols are not properly executed, including neglecting 

to adhere to guidelines for repeated readings over many visits or relying solely on a single BP 

measurement instead of averaging multiple readings as recommended in clinical guidelines [51], 

[221]. Conversely, underestimation may occur due to factors such as the use of an oversized cuff, 

incorrect deflation rate, or observer errors such as hearing issues[51]. Random errors can also arise 

from inconsistencies in measurement techniques or terminal digit preference [222], [223]. While 

systematic and random errors can be reduced by following standardized protocols such as, 

employing trained professionals, using validated equipment, and averaging multiple readings, this 

analysis aimed to assess the influence of errors that persist within the accepted clinical range, on 

risk classification and patient outcomes.  

Various studies have demonstrated that BP measured in routine clinical practice frequently differs 

from readings taken by following a standardised protocol[167]. For instance, BP readings in 

outpatient settings are significantly elevated compared to those recorded under controlled settings. 

Research comparing clinical and standardised measurements revealed that SBP was, on average 
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12.7 mmHg higher, and DBP was 12.0 mmHg higher when a specified protocol, such as that 

employed in the Systolic Blood Pressure Intervention Trial (SPRINT), was not adhered to [224]. 

These findings highlight the importance of adhering to precise measurement protocols, as errors 

may result in significant misclassification of high BP status, particularly around critical thresholds. 

This reinforces the idea that both systematic and random errors—originating from the patient, the 

clinician, or the device—can significantly affect BP readings and, consequently, risk classification 

and patient management. Future research should also examine the additional sources of error to 

provide a comprehensive understanding of the challenges in accurate BP measurement and improve 

clinical outcomes. This study’s findings, focussing on device related errors, contribute significant 

insights to the current knowledge base. Although device accuracy is not the sole determinant in 

clinical decision making, it is a significant factor in ensuring reliable CVD risk assessments. 

This research evaluated a new Cox PH model after adjusting BP measurement errors to evaluate 

not only the changes in risk classification but also the impact of errors on the overall model accuracy 

and estimates. The original model was built using BP data that was assumed to include 

measurement errors. The coefficient from the original model inherently accommodates those errors. 

Therefore, if the original model estimates are used for the adjusted BP measurements, it could still 

reflect the bias from the original model, leading to unreliable predictions. Hence, development of a 

new model allows for a nuanced analysis of how adjusting for measurement errors affects the 

predictive accuracy and validity of the risk model, a critical consideration in real-world clinical 

scenarios where precision is paramount. 

The most accurate method for measuring BP is the invasive technique, which involves direct arterial 

measurement. However, due to the associated risks and invasiveness, it is not commonly used in 

clinical practice. The manual auscultatory method, a non-invasive technique, is regarded as the gold 

standard for BP monitoring and serves as the benchmark for evaluating the accuracy of other 

devices. Aneroid manometers, also extensively used, require frequent calibration to maintain 

precision [50]. Although these methods are commonly employed, it is not entirely devoid of error, 

indicating that all non-invasive BP measurement devices entail a certain level of inaccuracy. These 

inaccuracies are often presumed to conform to a normal distribution, as specified by international 
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standards. In this study, these inherent inaccuracies have been accounted for by assuming that all 

BP readings in the dataset contain a degree of measurement error. However, due to the lack of 

detailed data on the specific devices used to record BP, this assumption has been uniformly applied 

across all readings. This approach enables us to assess the overall effect of device-related errors 

on CVD risk classification, providing a broader perspective on how device inaccuracies may 

influence clinical outcomes. 

Figure 4 in this research illustrates a distinct inverse relationship between the increasing SD of 

device errors and the decreasing classification accuracy. Notably, even within the internationally 

specified acceptable range of SD, a degree of misclassification persists. This observation prompts 

an important discussion regarding whether the existing allowable range for device inaccuracies is 

sufficiently stringent for clinical studies, especially those involving CVD risk prediction. It may be 

necessary to reevaluate or restrict these limits, ensuring that a smaller SD is required to get a 

classification accuracy level considered suitable for clinical decision-making. Moreover, healthcare 

professionals and researchers working with such cohorts should engage in discussions about what 

constitutes an acceptable level of classification accuracy, weighing the trade-off between device 

error tolerance and clinical outcomes.  
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CHAPTER 5. IMPACT OF DEVICE RELATED INACCURACIES ON 

CVD RISK PREDICTION ACROSS EUROPEAN, MĀORI AND 

PACIFIC GROUPS (Manuscript 3). 

 

5.1 Prelude 
Chapter 2 highlights review of the two primary sources of Blood Pressure (BP) measurement error: 

rounding to the nearest zero-end digit and inaccuracies inherent in BP measurement devices.  

Chapters 4 and 5 analysed the impact of these errors on cardiovascular disease (CVD) risk 

classification. Although model estimates did not show significant differences, notable 

misclassification was observed, leading to potential healthcare burden, including increased costs 

and inappropriate treatment decisions. While rounding errors occur in only a subset of 

measurements, device inaccuracies affect all BP readings, even within internationally accepted 

limits. The findings indicated that device inaccuracies resulted in higher misclassification rates 

compared to rounding errors, highlighting the importance of ensuring BP measurement reliability. 

Previous analysis focused on the overall cohort; however, CVD risk varies across ethnic groups. 

Māori and Pacific populations in New Zealand face a disproportionate burden of CVD due to higher 

prevalence rates of risk factors. This chapter investigates how BP measurement inaccuracies 

influence CVD risk classification for these populations compared to Europeans. The analysis begins 

with an exploration of key risk factors with the highest hazard ratios (HR), followed by an assessment 

of how misclassification occurs after error adjustment. This approach highlights potential disparities 

in risk categorisation and the role of measurement inaccuracies in increasing health inequities. 

5.2 Introduction 
 

Cardiovascular diseases (CVD) and diabetes constitute almost 17% of health loss in New Zealand 

(NZ), a globally recognised measure of reduced healthy life due to premature death, illness, or 

disability [225] where the economic burden tends to heavily affect specific demographic groups due 

to differences in socioeconomic, behavioural, and cultural risk factors [226], [227], [228]. Even so, a 

significant decrease in the incidence and mortality of CVD has been observed in NZ over the past 
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two decades owing to effective prevention and access to treatment [225], [229].  However, despite 

this consistent reduction in the overall incidence and case-fatality rates of CVD since the 1980s 

[230], some population groups, such as Pacific and Māori in NZ, continue to face an unevenly high 

CVD burden [231]. The prevalence of CVD is disproportionately distributed across ethnic groups, 

with Māori and Pacific individuals experiencing a greater burden [232], [233], [234], [235]. Compared 

to NZ Europeans, who make up about 70% of the population, Māori and Pacific individuals are more 

likely to exhibit CVD risk factors such as smoking, high blood pressure, diabetes, history of atrial 

fibrillation and obesity [28], [236], [237], [238]. Furthermore, Māori and Pacific groups have reported 

significantly higher use of antihypertensives than other ethnic groups [239]. These factors have 

importantly contributed to a higher likelihood of developing and dying from CVD in these groups 

[240], [241].  

An experimental investigation using general practice data revealed higher rates of obesity among 

Pacific and Māori people in comparison to people of European/other and Asian ethnicities [242]. 

Research assessing the impact of smoking-related fatalities revealed that approximately 22.6% of 

deaths among Māori and 13.8% among Pacific people were linked to smoking [243] that was found 

related to differences in socioeconomic deprivation [244]. Further research indicates that the average 

systolic blood pressure (SBP) among individuals in NZ is rising due to various causes, including 

elevated obesity rates and lifestyle choices [239].  Diabetes is also an important concern, the rates 

of which are anticipated to increase substantially in NZ, placing strain on the healthcare system 

[245]. A study indicated that Pacific individuals across all age demographics demonstrated a higher 

likelihood of diabetes diagnosis compared to their European counterparts [246], [247]. A recent 

primary care study highlighted a higher prevalence of atrial fibrillation among Māori and Pacific 

people aged ≥ 45 years (4.2%) compared to Europeans of the same age group (3.8%) [248]. 

Additionally, there was a significant association between ethnicity and the use of antihypertensive 

medications (p<0.001), with Māori and Pacific peoples being the most frequent users [239]. This 

likely reflects that individuals on antihypertensive medications generally have a higher CVD risk 

profile. 
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Precise diagnosis and control of such risk factors plays an important role towards mitigating CVD 

risk and enhancing health outcomes [249]. Risk prediction equations, such as the PREDICT-1 

equation developed from the NZ-based PREDICT cohort, assess an individual’s likelihood of 

developing CVD [81]. The cohort involved a web-based CVD risk assessment and management 

programme developed to support CVD risk assessment and management in routine primary care 

practice [250]. The PREDICT-1 equations assign hazard ratios (HRs) to quantify the relative impact 

of each factor on CVD risk. The study findings indicate that Māori men and Pacific men had a 34% 

and 19% higher chance of getting a CVD respectively compared to Europeans. Similarly, Māori and 

Pacific women had a 48% and 22% higher chance of getting a CVD respectively compared to 

Europeans.  Table 21 summarises the risk factors with their corresponding HRs to highlight those 

with the highest influence.  

Among the remaining risk factors, SBP serves as a fundamental parameter for CVD risk assessment 

[171]. It has been invariably found to be a significant predictor in CVD risk prediction equations 

globally. Even so, errors in BP measurements due to inaccuracies in BP measurement devices or 

other factors such as observer bias and improper cuff size [180] have the ability to introduce bias 

into risk prediction models.   

Table 21: Hazard Ratios (HRs) for key CVD risk factors stratified by gender [81]. 

Risk Factor Men Women 

Diabetes 1.51 1.64 

Currently Smoking 1.70 1.97 

History of Atrial Fibrillation 1.87 2.53 

On BP lowering medication 1.33 1.42 

Body Mass Index (BMI)   

    Underweight (<18.5 kg/m2) 1.73 1.87 

    Obesity class 3 (≥40.0 kg/m2) 1.46 1.38 
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The immediate effect is the misclassification of individuals into incorrect risk categories, potentially 

and negatively influencing treatment decisions and health outcomes. It’s been predicted that 

misclassifications due to errors in BP measurement may result in a healthcare burden of around 8.2 

million NZD [219]. Previous chapters have examined the impact of both rounding and device errors 

on CVD risk prediction, demonstrating that measurement inaccuracies can influence risk 

classification. The studies used the PREDICT-1 equation to classify patients into three risk 

categories (<5%, 5-15%, and >15%) as established by the NZ Ministry of Health [53], serving as 

guidelines to clinicians in recommending appropriate interventions, setting goals, and planning 

follow-up care based on the assessed cardiovascular risk. While both types of errors contribute to 

misclassification, device errors introduce greater variability due to the allowable inaccuracy range, 

which can reach up to 6.95 mmHg SD, exceeding the maximum deviation of ±5 mmHg seen with 

rounding. This suggests that device errors, particularly at their upper bound, have the most 

significant impact on risk misclassification.  

Building on this, the current study aims to understand how these device errors affect risk prediction 

across different ethnic groups in NZ. This gap in knowledge is particularly critical for Māori and Pacific 

populations in NZ, who already bear a disproportionate burden of CVD attributed to elevated rates 

of obesity, smoking, and other social determinants of health. Furthermore, inaccuracies in BP 

measurements, even within internationally acceptable ranges, may aggravate existing health 

inequities by affecting risk assessments and undermining the validity of risk prediction models for 

these vulnerable groups.  

The primary aim of this study is to examine the trends from significant, yet meaningful, risk factors 

identified by the PREDICT-1 equation for Māori, Pacific, and European. The analysis particularly 

considers men and women separately. In addition, the study evaluates the impact of BP device 

inaccuracies on the classification of these ethnic groups into CVD risk categories. Specifically, the 

analysis will focus on investigating the extent to which these inaccuracies contribute to the 

misclassification of individuals across different risk groups. By examining the overall shifts in risk 

classification for Māori, Pacific, and European populations, this research seeks to provide an 
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understanding of how device inaccuracies influence CVD risk predictions, potentially for ethnic 

groups that are at a higher risk. 

5.3 Method 

5.3.1 Data and Data Sources 
In this study, participants were enrolled in the cohort during their initial CVD risk assessment, 

performed by primary care professionals. The health professionals documented health data in the 

PREDICT software, widely used to compute CVD risk profiles using risk factors including age, 

gender, smoking status, diabetes, blood pressure, BMI, and cholesterol levels, along with medical 

history (including previous cardiovascular disease and atrial fibrillation). This information is securely 

maintained in the practice management system and in an anonymised central database. With 

appropriate permissions, risk profiles from the central database were linked to a unique National 

Health Index number, facilitating anonymised integration with national and regional health data for 

additional research. 

Approximately 95% of the country’s population is registered with primary health organisations that 

provide most primary health care services across the country. About one-third of the population gets 

care from clinics employing the PREDICT software, predominantly situated in the Auckland and 

Northland regions, which include both, extensive urban and rural populations, offering a diverse 

representation of NZ’s varying socioeconomic and ethnic demographics [38]. The participating 

practices encompass the largest Māori, Pacific, Indian, Chinese, and other Asian demographics in 

the country, ensuring a broad and representative study sample. 

It's important to note that ethnicity was self-reported in the primary health management system and 

corroborated with public health organisation enrolment and hospitalisation data. When individuals 

identified with various ethnicities, a prioritisation process was employed to designate them to a 

singular ethnic group. This method adheres to national ethnicity data regulations and prioritised 

ethnic groupings in the subsequent order, as follows: Māori, Pacific, Indian (including Fijian Indian), 

Other Asian (including Chinese), European, Middle Eastern/Latin American/African (MELAA), Other, 

and Unknown. Ethnic groups comprising fewer than 1,000 individuals were omitted from the analysis. 

All participants had comprehensive data on the essential variables necessary for CVD risk 
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assessment. Participants without data on the New Zealand Index of Socioeconomic Deprivation 

(NZDep) were omitted.  

5.3.2 Study Design 
This study included 427,299 men and women aged 30-74 years at the time of their first PREDICT 

risk assessment. Simulation was performed by generating random errors for SBP based on a normal 

distribution with specified means and their respective SD, as presented in Table 8 in Section 2.4.2. 

These random errors reflect the acceptable error limits outlined by the standard [49].  

The population is divided into three CVD risk categories: low (<5%), moderate (5-15%), and high 

(>15%) according to the Ministry of Health [82]. The original SBP data recorded in the dataset, 

termed SBPerror, is presumed to be affected by device inaccuracies. Subsequently, a 5-year CVD risk 

is calculated using the SBPerror values. A Cox PH model is applied to estimate the risk for everyone, 

using SBPerror as one of the key risk factors. This risk score is referred to as the original risk and 

represents the predicted likelihood of a CVD event within five years, evaluated using Equation (14): 

ℎ(𝑡)

 ℎ0(𝑡)
= 𝑒(𝛽1𝑆𝐵𝑃𝑒𝑟𝑟𝑜𝑟+ 𝛽2𝑧2  + … + 𝛽𝑝𝑧𝑝). 

(14)  

Here, ℎ(𝑡) represents the hazard at time t, ℎ0(𝑡) is the baseline hazard, 𝑆𝐵𝑃𝑒𝑟𝑟𝑜𝑟, 𝑧2  ,…, 𝑧𝑝  are 

individual risk factors and 𝛽1, … , 𝛽𝑝 are their corresponding Cox regression coefficients. 

The SBP measurements are then adjusted by removing the simulated errors, resulting in SBPadjusted 

values. This adjustment is implemented to better determine the true SBP, facilitating the recalculation 

of the 5-year CVD risk using the adjusted SBP values. The new risk score, adjusted risk, reflects the 

updated estimate of CVD risk, while other factors remain unchanged. A new Cox PH model (adjusted 

model) is applied to compute this adjusted risk as expressed in Equation (15): 

ℎ(𝑡)

 ℎ0(𝑡)
= 𝑒(𝛽1𝑆𝐵𝑃𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑+ 𝛽2𝑧2  + … + 𝛽𝑝𝑧𝑝) 

(15)  

The process is performed 10,000 times to minimize the impact of random fluctuations. By comparing 

the adjusted risk and original risk for each individual, the study specifically examines how errors in 

SBP measurements impact the classification of individuals from different ethnic groups into various 
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CVD risk categories, focusing on misclassification rates within each group. The misclassification 

rates are evaluated by comparing the adjusted and original risk classifications, with the average 

misclassification rate calculated across all simulations.  

This study also examines how risk prediction changes in response to the highest permissible device 

error, with an SD of 6.95 mmHg. These values represent the maximum allowable error in BP 

measurements according to international standards. By focusing on this threshold, the study 

assesses the upper-bound impact of device inaccuracies within the acceptable limits outlined by the 

standards. The study specifically examines how these errors influence the risk classification across 

different risk factors. These factors include smoking status, diabetic status, obesity levels (as 

measured by BMI), history of atrial fibrillation and their status of taking antihypertensives.  

5.4 Results 

5.4.1 Exploratory Analysis 
The PREDICT cohort dataset comprises 241,036 men with a mean age of 51.29 years (SD = 10.07 

years) and 186,263 women with a mean age of 55.85 years (SD = 8.87 years). Table 22 presents 

the ethnic composition of the cohort, focusing on Māori, Pacific, and European populations. Figure 

14 illustrates the distribution of individuals across the three risk groups, stratified by ethnicity. The 

plot indicates that a higher proportion of Europeans fall into the <5% risk category, whereas Māori 

and Pacific people are more frequently classified into risk categories above 5%. 

Table 22: Ethnic representation of Māori, Pacific, and European populations within the cohort 

 European Māori Pacific 

Men    138195 (57.08% 31473 (53.70%) 35083 (55.92%) 

 

Women    103922 (42.92% 27141 (46.30%) 27660 (44.08%) 
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The distribution of SBP by ethnicity (European, Māori, and Pacific) and gender (men and women) is 

distributed roughly in a bell shape, indicating a normal-like distribution across the populations, also 

presented in Figure 32 in Appendix C. Table 23 provides the mean SBP values, indicating that Pacific 

people (both men and women) have a lower mean SBP compared to Māori and European 

populations. 

Table 23: Mean SBP values for European, Māori, and Pacific populations, stratified by men and women. 

Ethnicity Gender SBP, mmHg 

(Average) 

European Men 129.86 

European Women 129.49 

Māori Men 130.14 

Māori Women 128.86 

Pacific Men 127.57 

Pacific Women 128.58 

 

 

 

Figure 14: Proportion of population in three risk groups per ethnicity. 
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Table 24: Description of Age, BMI range, Diabetes Status and Smoking status in the PREDICT cohort for European, Māori and 
Pacific, stratified by gender. 

  Men Women 

  European Māori Pacific European Māori Pacific 

Age 30-34 1037  

(0.75%) 

665 

(2.11%) 

829 

(2.36%) 

474 

(0.46%) 

464 

(1.71%) 

613 

(2.22%) 

 35-44 10939 

(7.92%) 

13382 

(42.52%) 

16989 

(48.43%) 

4236 

(4.08%) 

2955 

(10.89%) 

3426 

(12.39%) 

 45-54 64215 

(46.47%) 

10539 

(33.29%) 

10072 

(28.71%) 

18667 

(17.96%) 

15358 

(56.59%) 

15202 

(54.96%) 

 55-64 39866 

(28.85%) 

5175 

(16.44%) 

5193 

(14.80%) 

55276 

(53.19%) 

6260 

(23.06%) 

5863 

(21.20%) 

 65-74 22138 

(16.02%) 

1712 

(5.44%) 

2000 

(5.70%) 

25269 

(24.32%) 

2104 

(7.75%) 

2556 

(9.24%) 

 Mean 

(SD) 54.15 (9.04) 

47.07 

(9.39) 

46.11 

(9.76) 58.61 (7.94) 

51.14 

(8.19) 

50.97 

(8.75) 

BMI Less than 

18.5 

367  

(0.27%) 

65 

(0.21%) 

51 

(0.15%) 

1111 

(1.07%) 

189 

(0.70%) 

50 

(0.18%) 

 18.5 - <25 24110 

(17.45%) 

2979 

(9.47%) 

2335 

(6.66%) 

28156 

(27.09%) 

4069 

(14.99%) 

1731 

(6.26%) 

 25 - <30 52156 

(37.74%) 

8419 

(26.75%) 

7833 

(22.33%) 

27218 

(26.19%) 

6319 

(23.28%) 

4640 

(16.78%) 

 30 - <35 24507 

(17.73%) 

8300 

(26.37%) 

10629 

(30.30%) 

14399 

(13.86%) 

5759 

(21.22%) 

6563 

(23.73%) 

 35 - <40 6498 

(4.70%) 

4240 

(13.47%) 

6400 

(18.24%) 

6296 

(6.06%) 

3694 

(13.61%) 

5791 

(20.94%) 

 40 or 

more 

2333 

(1.69%) 

3127 

(9.94%) 

4395 

(12.53%) 

3665 

(3.53%) 

3578 

(13.18%) 

6352 

(22.96%) 

 NA 28224 

(20.42%) 

4343 

(13.80%) 

3440 

(9.81%) 

23077 

(22.21%) 

3533 

(13.02%) 

2533 

(9.16%) 

 Mean 

(SD) 28.36 (4.74) 

32.07 

(6.89) 

33.34 

(6.87) 27.88 (6.16) 

32.11 

(8.02) 

35.53 

(8.15) 

Diabetes Non-

diabetic 

129328 

(93.58%) 

27644 

(87.83%) 

29238 

(83.34%) 

97364 

(93.69%) 

23297 

(85.84%) 

20235 

(73.16%) 

 Diabetic 8867 

(6.42%) 

3829 

(12.17%) 

5845 

(16.66%) 

6558 

(6.31%) 

3844 

(14.16%) 

7425 

(26.84%) 

Smoking 

Status 

Non-

smoker 
121787  

(88.13%) 

20647 

(65.60%) 

25883 

(73.78%)  

94088  

(90.54%) 

17481  

(64.41%) 

23601 

(85.33%)  

 Smoker 16408  

(11.87%) 

10826 

(34.40%)  

9200 

(26.22%)  

9834 

(9.46%)  

9660 

(35.59%)  

4059 

(14.67%)  

History of 

Atrial 

Fibrillation 

No 135124 

(97.78%) 

30968 

(98.4%) 

34766 

(99.1%) 

102577 

(98.71%) 

26829 

(98.85%) 

27466 

(99.3%) 

Yes 3071 

(2.22%) 505 (1.6%) 317 (0.9%) 

1345 

(1.29%) 

312 

(1.15%) 194 (0.7%) 

On BP 

lowering 

medication 

No 109495 

(79.23%) 

25256 

(80.25%) 

28069 

(80%) 

75945 

(73.08%) 

19997 

(73.68%) 

18884 

(68.27%) 

Yes 28700 

(20.77%) 

6217 

(19.75%) 

7014 

(20%) 

27977 

(26.92%) 

7144 

(26.32%) 

8776 

(31.73%) 
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Table 24 presents the description of all the risk factors considered in this study, stratified as follows: 

Europeans, Māori and Pacific. The Māori and Pacific population have a larger proportion of younger 

people. The average BMI is relatively higher in Māori and Pacific groups. The highest prevalence of 

diabetes is observed among Pacific women, with 26.84% of the population diagnosed with diabetes. 

This is followed by Pacific men at 16.66%, that is, almost three times more likely compared to 

European men. Within each ethnic group, individuals diagnosed with diabetes is generally higher for 

women, especially in the Pacific demographic. The Māori population has a notably higher diabetes 

prevalence compared to the European population. 12.17% of Māori men and 14.16% of Māori 

women are diagnosed with diabetes, which is higher than the European male (6.42%) and female 

(6.31%) population. A greater proportion of the European demographic have a history of Atrial 

Fibrillation compared to Māori and Pacific. The higher prevalence of Atrial Fibrillation among NZ 

Europeans likely reflects their older age distribution compared to Māori and Pacific populations, as 

the condition is more common in older individuals [251]. A higher proportion of women are on BP-

lowering medication compared to men, with Pacific women exhibiting the highest prevalence at 

31.73%. Māori people have a highest smoking rate followed by Pacific. Compared to Europeans, 

Māori individuals are almost three times more likely to be smokers. Māori women have a slightly 

higher rate of smoking compared to Māori men. On the contrary, Pacific men have a higher 

prevalence of being currently smoking than Pacific women.  

5.4.2 Comparative Modelling 
Figure 15 shows the percentage of accurate classifications for various standard deviations from up 

to the acceptable range as mentioned by the standards for a BP measurement device. This is used 

to compare the impact on risk group classification accuracy for each ethnicity, stratified by risk group 

(<5%, 5-15%, >15%) and gender. As SD increases, classification accuracy decreases for both men 

and women, with women having slightly higher accuracy across all SD ranges. Ethnic differences in 

classification accuracies are evident, with Pacific and Māori populations having lower baseline 

accuracy, especially in the >15% risk group, compared to Europeans. Europeans show higher 

accuracy and more gradual declines. The lowest accuracy is observed in Māori’s which is around 
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91.5%. The vertical dotted lines mark the allowable SD range for device errors, within which a clear 

reduction in classification accuracy is still observed.   

 

 

 

5.4.3 Risk Adjustment by Key Indicators 
The PREDICT-1 equation uses multiple attributes for estimating CVD risk. In this research, the 

attributes or risk factors with highest HRs are observed for changes in risk category assignment 

when the SBP is adjusted for simulated errors. 

(a) (b) 

Figure 15: Accurate Risk classification after accounting for the normal errors with a range of standard 
deviation for (a) Māori, (b) Pacific and (c) European. 

 

(c) 
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BMI 
BMI is distributed across age groups in the cohort for European, Māori and Pacific population as 

depicted in Figure 16. Pacific men tend to exhibit the highest BMI across all age categories, followed 

by Māori and then European men. A similar pattern is observed for women, where Pacific women 

have the highest BMI. The median BMI for women is slightly higher than men for all ethnic groups. 

Even the mean BMI is higher for Pacific men (33.34 kg/m2) and Pacific women (35.53 kg/m2). 

 

(a) 

 

(b) 

Figure 16: Variation of BMI by age category and Ethnicity for (a) Men and (b) Women 
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The correlation of BMI with age for each combination of ethnicity and gender entails that the 

relationships are not strong, with the weakest correlation for European men (-0.0718) and the 

strongest for Pacific women (-0.172), indicating a modest inverse association across groups, also 

presented in Table 25. 

Table 25: Correlation of BMI with age for ethnicity and gender 

Ethnicity Gender Correlation (Age, 

BMI) 

European Women -0.102 

European Men -0.0718 

Māori Women -0.165 

Māori Men -0.111 

Pacific Women -0.172 

Pacific Men -0.146 

 

Analysis for BMI categories, as illustrated in Figure 17, reveals that the error adjustment of the 

recorded BP results in a higher prevalence of people being misclassified into lower risk categories. 

This effect is particularly notable in individuals categorized as underweight (BMI <18.5 kg/m²) and 

those with a BMI ≥ 40 kg/m², across both genders. However, no statistically significant gender 

differences were observed in the patterns of changes in 5-year risk predictions for any of the 

assessed risk factors.  

 

(a) 
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(b) 

Figure 17: Impact of error adjustment (SD = 6.95) on risk classification across ethnic groups and gender, highlighting changes 
in risk group assignment based on BMI categories. 

Diabetes 
Pacific men and women consistently exhibit the highest proportions of diabetes in all age categories 

compared to Māori and European populations, as shown in Figure 18. Among Māori, a distinct trend 

is observed where younger women (particularly those aged 30–44 years) have a notably higher 

proportion of diabetes compared to their male counterparts. However, this trend reverses in older 

age groups, with Māori men aged 65–74 years showing a higher proportion of diabetes. For 

European men and women, the proportion of diabetes is the lowest across all age groups. 

 

Figure 18: Proportion of individuals with diabetes for various ethnicity, age groups and gender 
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Overall, a general pattern is seen across ethnicities where diabetes prevalence is relatively higher 

among younger populations (30–44 years), decreases slightly in middle and then increases in older 

age groups for all ethnicities. There is no general trend for diabetes with age. Pacific and Māori 

males have a weak positive correlation with age as shown in Table 26. For remaining combinations 

of ethnicities and genders negative correlation can be observed. 

Table 26: Correlation of diabetes with age for ethnicity and gender 

Ethnicity Gender 

Correlation (Age, 

Diabetes) 

European Women -0.778 

European Men -0.345 

Māori Women -0.631 

Māori Men 0.333 

Pacific Women -0.529 

Pacific Men 0.441 

  

Figure 19 illustrates the changes in risk classification following the adjustment of BP error (SD = 6.95), 

stratified by diabetic status (diabetic vs. non-diabetic) across ethnic groups and gender. The results 

indicate that the 5-year risk prediction changes more substantially, both increasing and decreasing, 

for diabetic individuals compared to non-diabetic individuals across all ethnic groups. Among all three 

ethnic groups, Māori men experience the highest risk reclassification, with around  

(a) 



   Chapter 5- Manuscript 3 

110 
 

 

(b) 

Figure 19: Impact of error adjustment (SD = 6.95) on risk classification across ethnic groups and gender, highlighting changes 
in risk group assignment based on diabetic status. 

3.67% (3.21%-4.10%) of them moving to a higher risk group and 3.35% (2.81%-3.85%) moving to a 

lower risk group after error adjustment. 

Smoking Status 
Figure 20 highlights ethnic and gender disparities in smoking prevalence across age groups. Māori 

have the highest proportion of smokers, with women smoking more than men, although the 

difference between genders is not significant across age groups. In contrast, Pacific men have a 

higher proportion of smokers compared to Pacific women. Europeans have the lowest proportion of 

smokers among both men and women. Overall, smoking prevalence tends to decrease with age, 

with the highest proportions observed in younger age groups across all ethnicities.  

The decrease in smoking habits with age is enumerated in Table 27. There exists a strong negative 

correlation with age for all ethnicities and genders indicating inverse proportionality. 
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Figure 20: Proportion of individuals who are smokers for various ethnicity, age groups and gender 

 

Table 27: Correlation of smoking status (currently) with age for ethnicity and gender. 

Ethnicity Gender 

Correlation (Age, 

Smoking) 

European Women -0.936 

European Men -0.943 

Māori Women -0.919 

Māori Men -0.883 

Pacific Women -0.941 

Pacific Men -0.922 

 

Figure 21 shows the estimated impact of error adjustment on the risk group classification based on 

smoking status. Among ethnic groups, Māori individuals exhibit the most notable change in risk 

classification, with around 3.55% (3.31%-3.82%) previously misclassified into lower risk group and 

2.70% (2.42%-2.97%) misclassified into higher risk group, followed by Pacific and European groups. 

These changes on the effects are consistently more pronounced in men than women across all 

ethnicities. 
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(a) 

 

(b) 

Figure 21: Impact of error adjustment (SD = 6.95) on risk classification across ethnic groups and gender, highlighting changes 
in risk group classification based on smoking status. 

Usage of BP lowering medication 
         Figure 22 illustrates the trends in the use of anti-hypertensive medications by ethnicity and 

gender across age groups. The use of antihypertensive medications notably increases with age, with 

women exhibiting a higher proportion of usage compared to men. Among the three ethnicities, Pacific 

men and women have the highest proportion of individuals on antihypertensive medication.  

BP usually increases with age [252], hence the use of medication is also expected to increase. Table 

28 shows a strong positive correlation between usage and age with European females being the 

highest at 0.91.  
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         Figure 22: Proportion of individuals with on BP lowering medication for various ethnicity, age groups and gender 

 

Table 28: Correlation of usage of BP lowering medication with age for ethnicity and gender. 

Ethnicity Gender 

Correlation (Age, 

Uses BP Med) 

European Women 0.917 

European Men 0.908 

Māori Women 0.895 

Māori Men 0.862 

Pacific Women 0.838 

Pacific Men 0.906 

 

 

 

Figure 23 illustrates the impact of error adjustments on the changes in the risk group classification 

based on the status of using anti-hypertensives. The analysis reveals greater shifts in risk 

classification among Māori and Pacific populations compared to Europeans. However, contrary to 

the shift observed in the previous risk factors, there is a higher proportion of shift in the risk 

reclassification to a lower risk category. Māori men on BP-lowering medications have the highest 

misclassification rates, with 2.82% placed in lower risk categories and 3.13% in higher risk 

categories. 
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(a) 

 

 

 

(b) 

 

Figure 23: Impact of error adjustment (SD = 6.95) on risk classification across ethnic groups and gender, highlighting changes 
in risk group assignment based on BP lowering medication status. 



   Chapter 5- Manuscript 3 

115 
 

Atrial Fibrillation 
Figure 24 highlights the ethnic and gender disparities in the history (incidence) of atrial fibrillation 

across the age groups. The proportion of individuals with a history of atrial fibrillation increases with 

age with the highest proportion observed in Māori individuals and then Europeans. Atrial fibrillation 

increases with age across all ethnicities and genders. 

Figure 24: Proportion of individuals with history of Atrial Fibrillation for various ethnicity, age groups and gender 

There is generally an increasing trend of history of atrial fibrillation with a strong positive correlation 

with age. Correlation is highest for European men at 0.896 and lowest for Pacific females at 0.633 

as shown in Table 29.  

              Table 29: Correlation of having history of Atrial Fibrillation with age for ethnicity and gender. 

Ethnicity Gender 

Correlation (Age, have Atrial 

Fibrillation) 

European Women 0.895 

European Men 0.896 

Māori Women 0.811 

Māori Men 0.823 

Pacific Women 0.633 

Pacific Men 0.852 

  

As depicted in Figure 25, there is no clear distinction between increased and decreased risks. Pacific 

women with a history of atrial fibrillation exhibit the highest shift to a higher risk category (3.36%), 
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followed by Māori women with approximately a 2.46% shift. On the other hand, around 2.76% of 

Māori men with a history of atrial fibrillation have their risk reclassified into a lower risk category after 

adjustment of the errors. While these differences are notable, no clear pattern emerges in risk shifts 

across ethnicities for individuals with a history of atrial fibrillation. 

 

 

 

(a) 

 

(b) 

Figure 25: Impact of error adjustment (SD = 6.95) on risk classification across ethnic groups and gender, highlighting changes 
in risk group assignment based on the history of Atrial Fibrillation. 

5.5 Discussion and Conclusion 
This article demonstrates ethnicity-based analysis to study the impact of BP errors arising from the 

inaccurate BP measurement devices, on the 5-year CVD risk prediction for Europeans, Māori and 

Pacific population in NZ. The analysis includes one of the largest cohorts ever recruited in NZ. Even 
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though the errors induced by the device show insignificant changes to the overall model estimates, 

some notable patterns in the misclassification of people into different risk groups for the three 

ethnicities under test emerge clearly. The results highlight the level of classification accuracy 

decreasing even within the acceptable range of BP errors, especially for Māori and Pacific 

populations compared to Europeans.  

The data used for analysis is from a study undertaken by primary care clinicians. The data is also 

combined with information from national databases. About a third of the country’s population is 

served by clinics that use PREDICT software. Consequently, the cohort is large with ethnically 

diverse populations. No factor other than BMI has missing values. The cohort is likely to be 

representative of the population of NZ in which CVD risk is recommended as around 90% of eligible 

patients. It also contains about 35% of all primary care practices in NZ were included in the study 

[38]. 

It is unlikely that any significant population subgroup has been excluded from this study [28]. While 

national surveys provide self-reported data on CVD risk factor levels by ethnicity, the sample sizes 

for non-European ethnic groups are typically limited. However, since the PREDICT-1 equation uses 

these ethnic groups with similar numbers for CVD risk prediction, our study considers similar data 

for our analysis to study the overall impact with the existing established equation. The decision to 

participate in PREDICT cohort is determined at the primary health organisation level, rather than the 

individual practice level. This minimises the likelihood of selection biases at the practice level. The 

PREDICT cohort includes large rural and urban regions, incorporating the largest Māori, Pacific and 

other ethnic demographics in NZ. 

The results show higher prevalence of smoking among Māori people and higher prevalence of being 

diabetic among Pacific people. Despite a reduction in smoking rate, Māori and Pacific are still the 

highest consumers[253]. There is also a three times higher prevalence of diabetes among Pacific 

peoples compared to Europeans; and this finding has been well documented since the 1990s [254]. 

The results for average age of Māori and Pacific people being more than Europeans was expected 

due to the guidelines that recommend their CVD risk to be assessed 10 years earlier than Europeans 

[255].  



   Chapter 5- Manuscript 3 

118 
 

For all the risk factors considered, Māori people are mostly affected due to adjustment of BP errors, 

which is consistent with the higher HR of Māori compared to other ethnic groups in the PREDICT-1 

equation [81]. Research also indicates that at a given age, Māori have an increased prevalence of 

CVD compared to non-Māori. Therefore, risk assessment is recommended a decade earlier for Māori 

patients [237]. 

There is a growing body of evidence that differences in access to healthcare between Māori, Pacific 

and other ethnic groups are an important contributor to evidence-practice gaps that may in turn lead 

to poorer CVD outcomes. If these populations are already at higher risk and get affected the most 

by errors, they are likely to also suffer from increased medical costs due to over treatment or 

undertreatment. There is evidence suggesting increased healthcare burden when a patient is 

undertreated, leading to more adverse CVD outcomes, which in turn leads to increased healthcare 

costs, potentially in the millions of dollars in NZ [219]. 

The study assumes device errors to be normally distributed. The inaccuracies of the device tend to 

follow a normal distribution, as outlined by international standards. This analysis addresses inherent 

inaccuracies by assuming that all BP readings in the dataset possess a certain level of measurement 

error. Nevertheless, owing to the absence of comprehensive data regarding the specific devices 

employed to measure BP, this presumption has been consistently applied to all readings. This 

method allows us to comprehensibly evaluate the impact of device-related errors on CVD risk 

classification, offering a wider view of how device inaccuracies affect clinical outcomes. Various other 

sources of error in BP measurement should also be considered in future research to evaluate their 

impact on different ethnic groups in NZ. However, analysis for Māori, Pacific and Europeans 

assessed in primary care adds to what has been a limited body of knowledge about the impact of 

allowable device errors on the CVD risk prediction. As the PREDICT dataset becomes larger and 

more complete, it will be possible to undertake more in-depth research on the CVD risk profiles of 

these ethnic groups. Targeting these modifiable risk factors must be a priority to reduce the widening 

health inequalities between these population groups. 

Although there are certain steps taken to mitigate ethnicity related disparities in CVD management 

such as starting the risk assessment for Māori, Pacific and South Asian population 15 years earlier 
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than other population groups [82]. However, the results suggest more ethnicity focussed CVD risk 

predictions and more targeted interventions may help to address these health inequities. A ‘one-size 

fits all’ approach may not work to achieve equity of CVD and its risk factors in NZ. The results prompt 

an important discussion regarding whether the existing allowable range for device inaccuracies is 

sufficiently stringent for clinical studies, especially those involving CVD risk prediction.  

Crucially, while all variables in the CVD risk prediction equation contribute to overall risk, this study 

prioritizes those with higher HRs. These variables exhibit a particularly strong association with CVD 

risk, highlighting their clinical significance. By focusing on these high-impact variables, the study 

evaluates how adjustments for device inaccuracies influence risk scores, while acknowledging the 

relevance of other predictors in the equation. Although this analysis emphasises the most influential 

predictors, future research should also investigate other variables with comparatively lower HRs, to 

provide a more comprehensive understanding of CVD risk prediction. 

Our findings emphasise the significant influence of inaccurate BP measurements on CVD risk 

prediction in NZ’s ethnically diverse population, emphasising the need for more awareness among 

health professionals. Educational initiatives should be prioritised to inform practitioners about the 

implications of measurement inaccuracies and to stress the importance of proper device selection 

and usage. Additionally, collecting detailed data on the specific devices used for BP measurement is 

crucial for refining analyses and achieving more robust insights into the impact of measurement 

inaccuracies on CVD risk prediction. 
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CHAPTER 6. BLOOD PRESSURE MEASUREMENT DEVICE 

ACCURACY EVALUATION: STATISTICAL CONSIDERATIONS 

WITH AN IMPLEMENTATION IN R (Manuscript 4)  

6.1 Prelude 
Previous chapters have highlighted significant inconsistencies in blood pressure (BP) measurement 

accuracy due to device inaccuracies. A review of existing studies revealed that many reported BP 

measurement errors exceeded the internationally accepted accuracy criteria, and many do not 

adhere to the use of minimum sample size threshold, raising concerns about the reliability of these 

devices in both research and clinical practice. Some studies report measurement errors well within 

allowable limits, whereas others reveal deviations exceeding acceptable thresholds. Yet both are 

often used interchangeably in risk assessments, due to the lack of research regarding the 

implications of not adhering to the criteria (both the acceptable limits and also the sample size 

criteria).  

Building on this, Chapter 6 systematically examines the statistical considerations in evaluating BP 

measurement device accuracy. It aims to provide a structured framework for assessing device 

adherence to accuracy criteria and quantifying the implications of deviations from these standards. 

The study aims to establish a more reliable approach for assessing the impact of measurement 

inaccuracies on clinical outcomes. 

Additionally, this study presents an implementation in R, offering a practical tool for researchers and 

clinicians to assess BP device accuracy. This implementation facilitates a comprehensive evaluation 

of measurement errors, allowing for improved decision-making regarding device selection. By 

addressing the consequences of non-adherence to accuracy standards, this study contributes to a 

more precise understanding of BP measurement reliability and its broader implications for clinical 

management. 
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6.2 Introduction 
Blood pressure (BP) is extensively used to assist health monitoring and diagnosis in healthcare 

settings. However, inaccuracies in BP measurement can result in misjudgements, potentially leading 

to severe consequences[171]. The clinical gold standard for BP measurement is performed using 

arterial cannulation[55], however, arterial cannulation is invasive, time-consuming, and can only be 

performed by skilled personnel. It is also linked with cases of ischemia, lesion of nerves or vessels, 

embolism, and other complications[256]. In regular cases, BP is measured non-invasively[172] which 

yields measurement inaccuracies. Even slight measurement inaccuracies can result in 

misclassifying millions of individuals [257]. Hence, a precise measurement of blood pressure holds 

significant importance in public health. Underestimating true BP by merely 5 mmHg or less can have 

significant clinical consequences as several studies have inferred incorrect tagging of more than 20 

million Americans as pre-hypertensive when, in fact, they are suffering from hypertension. Untreated 

hypertension can lead to a 25% increased risk of fatal strokes and fatal myocardial infarctions[171]. 

Conversely, if there is an overestimation of true BP by 5 mmHg, nearly 30 million Americans may 

receive inappropriate treatment with antihypertensive medications. This could result in exposure to 

potential side effects of the drugs, psychological distress due to misdiagnosis, and unnecessary 

financial liability[257]. In healthcare domains such as intensive care, accurate BP measurement is 

even more crucial. As a result, regulating BP measurement devices is a critical matter and suitable 

processes must be used for clinical investigations to validate BP devices.  

National regulators have made significant efforts towards global harmonization of the standards for 

medical devices. When designing a blood pressure (BP) measurement device, manufacturers must 

adhere to standardized protocols, ensuring that the device's inaccuracy falls within an acceptable 

range, typically expressed as mean error ± SD of BP errors for non-invasive techniques. Even when 

within acceptable limits, continuous efforts are made to improve the accuracy using improved 

methods by adding parameters associated with blood pressure [137], [139], [258]. This pursuit aims 

to provide healthcare professionals with more reliable BP readings, reducing the likelihood of errors 

and supporting informed decision-making. The International Organization for Standardization (ISO) 

established in 1947 defines standards that are accepted worldwide. It comprises representatives 
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from various national standards organizations. The ISO 81060-2:2018 standard defines the criterion 

for the clinical investigation of automated, non-invasive sphygmomanometers[49] and has been 

approved for use currently and recognized in whole or part by many national regulators. It 

supersedes region-specific standards such as EN 1060-4:2004[259] and has been adopted in law, 

in contrast to validation protocols such as those recommended by the British Hypertension Society 

[260] and the European Society of Hypertension[261]. 

ISO 81060-2:2018 stipulates criteria for determining the acceptable accuracy of 

sphygmomanometers that originated from the initial work of the Committee of US Association for the 

Advancement of Medical Instrumentation (AAMI) in creating the American Standard for manual, 

electronic, or automated sphygmomanometers known as SP10[262]. The standard also specifies 

safety, labelling, and performance requirements designed to ensure the safety and effectiveness of 

the device. ISO 81060-2:2018, like SP10, mandates a minimum sample size (N) of 85 participants 

to be used to evaluate the BP device inaccuracy [49]. In addition to N>=85, the standard requires 

the BP errors to be within -10 mmHg to 10 mmHg, also known as the tolerable error limit, and the 

estimated probability of tolerable error (𝑝̂) to be at least 85%. In practice, it is found that accuracy 

requirements are difficult to achieve, and process requirements are costly. Manufacturers attempt to 

adhere to this standard. However, only a small fraction of manufacturers can do so [263]. A study 

reports that less than 20% of the devices accessible today conform to an established guideline [55]. 

While compliance with this standard is appropriate for devices that are to be marketed, there are 

purposes other than regulation of medical devices for which studies involving fewer participants can 

still yield useful information. For instance, early evaluation of experimental devices would benefit 

from an earlier checkpoint, as it is often difficult for clinicians to gather 85 participants [141], [144], 

[264]. Currently, to our knowledge, there is no official method for evaluating studies with fewer 

participants. As a result, various research work in this field adopted potentially incorrect pass/fail 

criteria of the standard apparently without recognizing the difference between their research methods 

and those assumed by the standard. This paper aims to inform researchers and BP device 

manufacturers about the potential effects of employing different sample sizes for the validation of a 

BP measurement device. 
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We also offer recommendations to adjust the appropriate acceptance range (upper limit of 

acceptable SD for a certain mean error) required for any study to adhere to criteria similar to the 

SP10 requirements. In addition to the different acceptance limits for different sample sizes, this paper 

provides a brief comparison of previous studies that investigated novel BP measurement methods 

with different sample sizes and also assesses their adherence to the current standard. 

6.3 SP10 Statistical Considerations 
 

6.3.1 SP10 Acceptance Criteria 
 

Multiple techniques are used for automated, non-invasive BP measurement. Most of the 

researchers/clinicians use an inflatable cuff to hinder the flow of blood in the upper arm. As the cuff 

is deflated, various methods can be employed to estimate the systolic and diastolic blood pressure 

(SBP; DBP)[265]. The error in estimation is the difference between the values obtained from the test 

device and the value obtained using a reference method, which is normally specified as auscultation 

by trained observers[266]. Acceptance criteria evolved from SP10’s inception in 1987 to reflect a 

more defined statistical treatment and is currently adopted in the ISO 81060-2:2018. 

Initially, the standard required that manufacturers should maintain the mean of errors within ±5 

mmHg with a SD no greater than 8 mmHg[133]. However, these static values did not consider the 

relation between the mean and SD of errors. For the same SD, 𝑝̂ will be different if the sample mean 

is 0 mmHg and if the sample mean is 5 mmHg. Hence, SP10’s Table F.1 (reproduced as in Table 8 

in Section 2.4.2) was introduced to span different values of the sample mean and the upper limit of 

SD  such that 85% of the errors are within the tolerable error range, where 𝑝̂ = 0.85. These values 

of acceptable SD for a given sample mean represent the acceptance limit. For instance, for a mean 

error of 2 mmHg, the SD must be less than or equal to 6.65 mmHg to accept the device. But this 

estimated probability of tolerable error (𝑝̂) is itself an estimate.  

How far off it is from the true value depends on the sample size. As per SP10, a sample size of N=85 

yields a 90% chance or confidence that 𝑝̂ will not differ by more than about 0.07 from its true 

probability of tolerable error (𝑝) [133], given by:  
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𝑝̂ − 𝑝 = 1.645 ⋅  𝐾, (16)  

Where, 1.645 is the critical value from the standard normal distribution, 𝐾 = √
1

2𝜋(𝑁−1)
 and N is the 

sample size. We will refer to this difference as the “90% confidence between 𝑝 and 𝑝̂”. In Equation 

(16), K is the SD of the distribution of probability of tolerable error which is assumed to be 

asymptotically normal according to the SP10 standard, where the mean of the distribution is 𝑝̂. Thus, 

for the device to be acceptable, 𝑝̂ must be at least 85% for N=85, because then one can be confident 

that 𝑝 is at least 78%, as per the standard. 

6.3.2 Brief review of the problem 
 

6.3.2.1 Acceptance Criteria 
 

According to SP10, Table 8 can be used with any number of participants, but they only consider the 

acceptance limit that is suitable for N ≥ 85. However, studies with fewer participants than the 

minimum of 85 specified by SP10 are not uncommon. For instance, one study proposes a novel BP 

estimation method based on Pulse Arrival Time (PAT) to estimate SBP and DBP [141]. Using 32 

subjects, they report the BP error limit, mean error ± SD. These limits are 0.12 ± 6.15 (SBP, mmHg) 

and 1.31 ± 5.36 (DBP, mmHg). Another study validates a wireless BP monitor using 33 

participants[137]. The estimated BP errors were -0.7 ± 6.9 mmHg for SBP and -1 ± 5.1 mmHg for 

DBP. A new calibration procedure that accounts for Sympathetic Nervous System (SNS) on BP-PTT 

(Pulse Transit Time) was also proposed to estimate BP values using 10 subjects[138]. All these 

studies attain the 𝑝̂ = 0.85 criteria mentioned in SP10, but the sample size is less than 85. For 

smaller sample sizes, there is little guidance on how the acceptance limit should change such that 

one can be 95% certain that the true probability is at least 78%, which is recognised as the threshold 

for acceptability by SP10. While these studies are potentially valuable, it would be inappropriate to 

interpret results by making comparison to the criteria in the standard which is just fixed for N=85. 

At present, the 90% confidence between 𝑝̂ and 𝑝 which is evaluated using Equation (16), only 

considers the sample size of a specific study. Using this 90% difference value, the standard makes 

some assumptions about the 𝑝̂ such that 𝑝 ≥ 0.78. However, variations on the 90% difference are 
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not only due to changes in sample size but also with the value of 𝑝̂, obtained from the reported 

sample mean and Sd from the BP device. To tackle this issue, we propose a methodology that 

provides a more flexible approach to evaluating the 90% confidence between 𝑝̂ and 𝑝 with respect 

to the sample size, sample mean, and SD from a statistical point of view. With this approach, the 

value of 𝑝̂ can be evaluated for different sample sizes, which we can use to study the changes in the 

acceptance limit of different sample sizes such that the devices under test adhere to the SP10 

criteria. 

6.3.2.2 Probability of Acceptance (𝑃𝐴) 
 

As a result of the acceptance limit varying with sample size, the probability of acceptance, which 

essentially gives the probability of meeting the SP10 criterion for a particular sample mean, SD, and 

sample size, will fluctuate. In this regard, this research also provides a mechanism for a more 

relevant comparison of the mean and SD of the data from studies with varying sample sizes. To 

effectively compare studies with smaller sample sizes and distinguish the methodology (e.g., 

techniques and mathematical methods) being used to develop the BP measurement devices, a more 

robust statistical treatment is required to re-evaluate the literature less subjectively as per the 

international standards. We present aspects behind the computation of the probability of acceptance, 

denoted by 𝑃𝐴. 

There are two key outcomes from this work. First, we study the changes in the acceptance limit for 

different sample sizes such that they adhere to the standards when the sample size is less than N = 

85. Secondly, we provide a methodology to evaluate the probability of acceptance 𝑃𝐴, allowing 

comparison of different studies with varying sample sizes, assessing the accuracy of different 

methods and techniques being tested to build BP measurement devices. This work has a companion 

R package called ‘bpAcc’ which implements the methodology introduced in this paper. This enables 

manufacturers and researchers to better judge their compliance with the accuracy criteria of ISO 

81060-2:2018 using a smaller sample size and more appropriately compare studies performed using 

different sample sizes. 
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6.4 Methodology 
 

This section outlines the theoretical details of this research starting from the protocols currently in 

use by the SP10 standard. The parameters utilised in this section have also been outlined in Table 

45 within Appendix D. 

6.4.1 Brief review of the statistical components of SP10 
6.4.1.1 Average error and tolerable error 
 

For each of the N participants, k=3 pairs of blood pressure measurements are obtained: one 

measurement, 𝛿𝑘1

𝑗
, produced by the usual auscultatory reference method, and the other, 𝛿𝑘2

𝑗
, 

produced by the device being assessed. The difference, 𝜖𝑘
𝑗

= 𝛿𝑘2

𝑗
− 𝛿𝑘1

𝑗
, is called an error, and the 

average error for the 𝑗𝑡ℎ participant is: 

𝛿𝑗  =  ∑
𝜖𝑘

𝑗

3

3

𝑘=1

 ,     𝑗 = 1, … , 𝑁 
(17)  

Statistically, we assume the average errors 𝛿𝑗 produced by the device D follows a 𝜃–parameterized 

distribution 𝔽 = 𝔽 (𝜃). The maximum average error accepted, also known as tolerable error, is 

denoted by 𝛥. The tolerable error is set to 𝛥 = 10 mmHg in this work, following the SP10 standard. 

Hence, the probability of tolerable error is given by: 

ℙ (|δj| ≤  10;  𝜃)  =  𝔽 (10;  𝜃)  −  𝔽 (−10;  𝜃). (18)  

The errors produced by any device are deemed acceptable if 𝑝, which is the true probability of 

tolerable error, is a minimum of 𝛾𝑝, i.e., 

𝑝 = ℙ (|𝛿𝑗|  ≤  10;  𝜃)  ≥  𝛾𝑝, 0 ≤ 𝛾𝑝 ≤ 1 (19)  

Fundamentally, we assume the errors 𝛿𝑗 follow a normal distribution with parameters 𝜃 = (𝜇𝑝, 𝜎𝑝)𝑇, 

𝜇𝑝 ∈ ℝ, 𝜎𝑝 > 0. 𝜇𝑝 and 𝜎𝑝 are the mean and SD of the errors produced by the device readings and 

will be referred to as true mean error or true bias, and true SD, respectively. 
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6.4.1.2 𝜎𝛾𝑃
 -- Acceptance Curve 

 

Our interest focuses on 𝜎𝛾𝑝
𝑀𝐴𝑋, a bivariate function of (𝜇𝑝, 𝛾𝑝) given by 

𝜎𝛾𝑝
𝑀𝐴𝑋= 𝜎𝛾𝑝

(𝜇𝑝, 𝛾𝑃) = 𝑚𝑎𝑥 {𝜎𝑝;  ℙ(|𝛿𝑗|  ≤  10;  𝜃 = (𝜇𝑝, 𝜎𝑝)𝑇 )  ≥   𝛾𝑃}, (20)  

for 𝜇𝑝 ∈ (−10, 10), and fixed 𝛾𝑃 ∈ (0, 1).  The curve is called the 𝜎𝛾𝑃
- acceptance curve, or simply 

acceptance curve. For every 𝜇𝑝, 𝜎𝛾𝑝
𝑀𝐴𝑋  is given by the maximum sample SD producing a probability 

of tolerable error of at least 𝛾𝑃. Figure 26 shows 𝜎𝛾𝑃
- acceptance curves represented by 𝜎𝑀𝐴𝑋 for 

𝛾𝑃  ∈  {0.75, 0.80, 0.85, 0.90, 0.95}, and 𝜇𝑝 in (10,10).  

 

 

 

 

 

 

 

 

 

 

 

 

 

6.4.1.3 ANSI/AAMI- SP10 acceptance criterion 
 

As per the SP10 standard[133], a device D will be deemed acceptable if the estimated probability of 

tolerable error 𝑝̂ is at least 𝛾𝑝 = 0.85, and the sample size is 85 subjects. From Equation (20), we 

define the 𝜎𝐴𝐴𝑀𝐼- acceptance curve as 

𝜎𝐴𝐴𝑀𝐼 = 𝜎0.85
𝑀𝐴𝑋 {𝜎𝑝;  ℙ(|𝛿𝑗| ≤ 10; ;  𝜃 = (𝜇𝑝, 𝜎𝑝)𝑇)  ≥   0.85}, (21)  

Figure 26: Acceptance curves obtained from Equation (20)  for 𝛾𝑝 ∈ {0.75, 0.80, 0.85, 0.90, 0.95}; 𝜇𝑝 in (−10, 
10). 
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with 𝜇𝑝 ∈ (-10, 10), 𝜃 = (𝜇𝑝, 𝜎𝑝)𝑇. Since 𝜎𝛾𝑃
- acceptance curves narrow down as shown in Figure 26 

as 𝛾𝑃 decreases, without loss of generality, we assume that the 𝜎𝐴𝐴𝑀𝐼- acceptance curve is obtained 

at 𝛾𝑝 = 0.85, which is as follows:   

𝜎𝐴𝐴𝑀𝐼 = 𝑚𝑎𝑥 {𝜎𝑝;  ℙ(|𝛿𝑗| ≤ 10; 𝜃)  ≥   0.85} =  {𝜎𝑝;  ℙ(|𝛿𝑗| ≤ 10; 𝜃)  =   0.85}. (22)  

The 𝜎𝐴𝐴𝑀𝐼- acceptance curve is the thick black line and is given by the solution to:  

ℙ(|𝛿𝑗|  ≤  ∆;  𝜃 = (𝜇𝑝, 𝜎𝑝)𝑇 )  =   0.85. (23)  

with ∆ = 10, and 𝜇0 𝜖 (−10,10).  

However, in practice, only size-limited samples of BP measurements are available to test the device 

D. In the following, we will introduce the statistical assumptions required in this work. Let 𝑆𝜄 = 

{𝛿𝜄
1, . . . , 𝛿𝜄

𝑛 } be a size-n sample of BP average errors 𝛿𝜄 with 𝛿𝜄 ~ 𝑁(𝜇𝑝, 𝜎𝑝). The 𝑆𝜄- sample mean and 

𝑆𝜄- sample SD are denoted by 𝑥̅𝜄 and 𝑠𝜄 respectively. We will remove the superscripts 1, …, n for 

simplicity.  

Crucially, we replace 𝜇𝑝 with 𝑥̅𝜄 in Equation (23). Then, the highest permissible value for 𝑠𝜄 rendering 

the device 𝜎0.85- acceptable, denoted by 𝜎0.85
𝐴𝐴𝑀𝐼, is the function of 𝑥̅𝜄 given by: 

 𝜎0.85
𝐴𝐴𝑀𝐼  =   𝜎0.85

𝐴𝐴𝑀𝐼(𝑥̅𝜄 )  =  {𝜎𝑝;  ℙ(|𝛿𝜄|  ≤  10; 𝑥̅𝜄 )  =  0.85}. (24)  

As a result, the device D is deemed acceptable under the SP10 acceptance criterion if and only if 

𝑠𝜄≤ 𝜎0.85
𝐴𝐴𝑀𝐼(𝑥̅𝜄).  

The values 𝜎0.85
𝐴𝐴𝑀𝐼 for fixed 𝑥̅𝜄 are obtained by directly applying the bisection method to Equation (22) 

as a function of 𝜎𝑝. Table 30 gives 𝜎0.85
𝐴𝐴𝑀𝐼 to selected values of 𝜇𝑝= 𝑥̅𝜄. The pairs (𝑥̅𝜄, 𝜎0.85

𝐴𝐴𝑀𝐼 ) mentioned 

in the table are the values displayed in Figure 26 as red dots. 

Table 30: The upper limit of SD for selected values of 𝑥̅𝜄.   

𝒙̅𝜾 0 ±1 ±1.5 ±2.87 ±3.96 ±5.12 ±6.67 ±7.15 ±7.88 ±8.9 ±9.99 

𝝈𝟎.𝟖𝟓
𝑨𝑨𝑴𝑰 6.947 6.874 6.782 6.311 5.664 4.696 3.213 2.75 2.045 1.061 0.01 
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6.4.2 Sampling Distribution of Sampling Proportions 
 

SP10’s confidence limits for p, or true probability of tolerable error, rely on approximations of the 

Gaussian density using Taylor expansions around the mean and SD [133], providing a biased, 

standard error depending just on N of the form 
1

2𝜋(𝑁−1)
 and 95% confidence limits given by  p̂  ±

 1.645 ∗ √
1

2𝜋(𝑁−1)
. 

In this paper, as opposed to [133], we adopt a statistical standpoint to address the uncertainty 

attached to 𝑝̂. Consider the binomial random variable, say Y, given by the number of errors falling in 

the interval [-10 ,10]. The probability of ‘occurrence’ or errors falling in [-10, 10], denoted with p, is 

central to this paper. Essentially, we estimate p via maximum likelihood estimation (MLE) using the 

sampling distribution of proportions which results from the theoretical probability distribution of 

random-sampled proportions of fixed-size N from the population of errors. The MLE of p is given by 

𝑌

𝑁
. This method represents our main modelling framework allowing us to estimate p and compute 

probabilities associated with any sample. This framework has been implemented in the package 

`bpAcc’ in R software [267]. 

The distribution of p, or proportion’s sampling distribution, is asymptotically normal, based on the 

Central Limit Theorem, requiring a reasonably large sample size for estimation accuracy. Specifically, 

it requires N * 𝑝 ̂ ≥ 5 and N*(1 – 𝑝̂) ≥ 5. Under such conditions, the distribution of 𝑝 is approximately 

normal with mean 𝑝̂, and SD:  

 𝑠𝑑 =  √
𝑝̂ ⋅ (1 − 𝑝̂)

𝑁
 

(25)  

 With the proposed approach the 90% confidence between 𝑝̂ and 𝑝 is given by: 

𝑝 −  𝑝̂ = 1.645 ∗ √
𝑝̂ ⋅ (1 − 𝑝̂)

𝑁
        

(26)  

To comply with the SP10 standards, the 90% confidence between 𝑝̂ and 𝑝 should be such that p ≥ 

0.78. In this way, one can evaluate an updated value of 𝑝̂  for any sample size (N) using Equation 
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(27). This results in changes in the acceptance limits for different sample sizes which will be 

discussed in Section 5. 

𝑝̂  −  1.645 ∗ √
𝑝̂ ⋅ (1 − 𝑝̂)

𝑁
 =  0.78 

(27)  

          

6.4.3 Evaluation of the Probability of Acceptance (𝑃𝐴) 
 

6.4.3.1. Evaluating the probability 
 

According to the standard, there is 95% certainty that p ≥ 0.78 with a sample size of N = 85, where 

95% is the threshold for the probability of acceptance. This will serve as the benchmark for our 

proposed methodology, given by: 

𝑃𝐴  =  1 −  ∅ (0.78, 𝑝̂, √
𝑝̂(1 − 𝑝̂)

𝑁
), 

(28)  

where ∅ is the cumulative density function of the Normal Distribution. Fundamentally, Equation (28) 

compares the probability of acceptance for previously published studies with reported mean and SD 

for the BP errors under different sample sizes. For cases where 𝑃𝐴 ≥ 0.95, the device meets the 

SP10 standard. Currently, the acceptance region provided for N=85 is used to validate devices that 

have used smaller sample sizes, however with the proposed approach, we can now provide more 

insights on whether those devices are complying to the SP10 standards with fewer sample sizes or 

not.  

For inference purposes, the proposed framework relies on reasonably large sample sizes i.e. N ≥ 39 

such that N*𝑝̂ ≥ 5 and, N*(1 – 𝑝̂) ≥ 5. However, the results provided by the simulation study described 

in Section 3.3.2 have shown closer approximations even for small sample sizes (N < 39), as shown 

in Table 31. For instance, 𝜇𝑃= 2 and 𝜎𝑃= 5.5 is used to check for cases of samples that are less than 

39 to compare the value of 𝑃𝐴. The selection of sample size for comparing the values of 𝑃𝐴 in Table 
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31 is informed by some of the previous studies that have utilized smaller sample sizes to assess 

device inaccuracy through various evaluation methods [138], [140], [143], [145]. 

Table 31: Simulated 𝑷𝑨 and 𝑷𝑨 obtained from Normal approximation using proposed method vs the method currently in use in 
the SP10 standard, for small sample sizes, with 𝜇𝑃= 2 and 𝜎𝑃= 5.5 

 N=10 N=15 N=20 N=25 

Simulated 𝑷𝑨 0.95 0.964 0.974 0.982 

𝑷𝑨 using proposed 

framework 

0.931 0.965 0.982 0.99 

 

𝑷𝑨 using SP10 method 0.84 0.893 0.926 0.948 

 

6.4.3.2. Simulation Study 
 

The simulation study conducted to evaluate the probability of acceptance compares the results 

obtained with the proposed framework. We investigated a simple situation in which N random 

numbers from a normal distribution with a known mean and SD were generated. The proportion of 

errors that fall within the tolerable error range is calculated, yielding the estimated probability of 

tolerable error, 𝑝̂. The simulations are conducted for sim.count = 20000 errors and the proportion of 

𝑝̂ ≥ 0.78 are evaluated to determine the value of 𝑃𝐴.  

To get an estimate of the proportion of instances that have 𝑝̂ ≥ 0.78, this process was repeated 50 

times. The proportion obtained in each of these repetitions is comparable with a maximum difference 

of 0.004. For mean = 2, SD = 5.5 and sample size = 25, the median of these repetitions was 9.982. 

Future simulations would yield in similar medians of proportions with only minute differences. We 

can demonstrate through simulations that our modelling framework is a better approximation than 

the present technique for N < 39.  
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6.5 Software Implementation 
 

The concept of acceptance region and the probability of acceptance have been implemented in the 

package “bpAcc” for the R statistical software. The function to evaluate the acceptance region for 

different sample sizes is AcceptR() which directly computes Equation (21). Here, 𝛾𝑃 = 𝑝̂ is 

evaluated for a given sample size, N, using Equation (27). The function PAccept() gives the 

probability of acceptance for a study that has reported a sample mean error and SD for a sample 

size to validate a BP measurement device. This function directly evaluates Equation (28). Arguments 

for both the functions from the package are provided in Table 32 and Table 33. The Comprehensive 

R Archive Network contains concise documentation on user guidance, providing detailed 

descriptions of package functions and examples. Users can access this documentation when 

downloading the package in R 

                          Table 32: Arguments for AcceptR() from the R package bpAcc. 

Argument Comments 

N 𝑆𝜄–Sample size. 

distribution Distribution the errors are pulled from. 

Default is “normal”, i.e., normally 

distributed 𝛿𝜄
𝑘-errors 

criteria The underlying standard criteria for testing 

and data analysis. The default is 

"SP10:2006". 
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Table 33: Arguments for Paccept() from the R package bpAcc. 

Argument Comments 

N 𝑆𝜄–Sample size. 

Xbar, sd  Sample mean and sample SD of 𝛿𝜄
k-errors 

distribution 

distribution Distribution the errors are pulled from. 

Default is “normal”, i.e., normally 

distributed 𝛿𝜄
𝑘-errors 

criteria The underlying standard criteria for testing 

and data analysis. The default is 

“SP10:2006”. 

 

 

6.5.1 AcceptR() function 
 

Figure 27 provides an upper limit on the sample SD to make sure that 𝑝̂ is at least 87.47% for N=33. 

If the sample mean error is between two values in the Table 8, linear interpolation is implemented. 

As an example, if sample mean is -0.7 mmHg. This is (- 0.7+0.5)/ (-1+0.5) = 0.40 = 40% of the 

distance between -1.0 and -0.5, so one uses 0.40*6.45 + (1-0.40) * 6.50 = 6.48. The sample SD 

would have to be 6.48 or less to accept the device. 
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6.5.2 PAccept() function 
 

During the initial research and development phase of a BP measurement device, different methods 

can be compared by evaluating 𝑃𝐴 which gives the probability of a device meeting the standards 

using the “PAccept()” function. Usually, different sample sizes are used to evaluate the device. 

This function can be directly used to determine how far existing studies or devices are from the 

acceptable standard.  

For instance, when two methods to develop a device are compared where Method 1 provides a 

device inaccuracy with sample mean error ± SD = 4  ± 5.1 and Method 2 provides sample mean 

error ± SD = 3  ± 6.2 for N = 33, to validate which method provides better accuracy and is acceptable 

as per the standards is evaluated using the R code chunk provided in Figure 28. 

> ## n = 33, xbar = -0.7, sd = 6.9 

> AcceptR(n = 33) 

----------------------------------------

------------ 

 For 33 samples, 87.47% of errors must be within -10 

mmHg to 10 mmHg.  

-------------------------------------------------------

----------                  xbar       sd 

    0.0     6.522419 

    0.5     6.503214 

    1.0     6.445114 

    1.5     6.346654 

    2.0     6.205400 

    2.5     6.018054 

    3.0     5.780903 

    3.5     5.491068 

    4.0     5.149097 

    4.5     4.762372 

    5.0     4.345659 

 Figure 27: Sample output from AcceptR() for sample size N = 33. 
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. 

 

6.6 Applications 
 

6.6.1 Acceptance Region for different sample size 
 

Using the proposed methodology, we can obtain the value of 𝑝̂ such that the standards criteria is 

also met using Equation (27). This adjusted value of 𝑝̂ for a given N is termed as the revised 

estimated probability of tolerable error or revised 𝑝̂ as illustrated in Figure 29. The figure indicates 

the changes in revised 𝑝̂  for different sample sizes. This implies that there will be different 

acceptance regions per sample size as opposed to a single acceptance region in the SP10 standard 

[133], which is illustrated in Figure 30. The figure shows the acceptance region for a range of sample 

sizes between 5 to 85 each showing the upper limit of SD for a given mean error that must be 

> ## n = 33, xbar = 4, sd = 5.1 

> PAccept(xbar=4,sd=5.1,N=33) 

--------------------------------------------------- 

The probability of acceptance as per SP10 is 

0.9557126 

The device is meeting the SP10 criteria. 

--------------------------------------------------- 

 

> ## n = 33, xbar = 3, sd = 6.2 

> PAccept(xbar=3,sd=6.2,N=33) 

 

---------------------------------------------------- 

The probability of acceptance as per SP10 is 

0.8801012 

 The device is not meeting the SP10 criteria. 

---------------------------------------------------- 

 

Figure 28: Sample output from PAccept() for two different cases with different 
device inaccuracy. 
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followed such that 95% of the time, the true probability is at least 0.78 to adhere to the SP10 

standards.                            

 

Figure 30: Changes in the Acceptance Region (Upper Limit of SD for a given sample mean, 𝑥̅) as per SP10 for different sample 
sizes. 

 

Figure 29: Relationship between the revised estimated probability of tolerable error for different 
sample sizes (N).  
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6.6.2 BP Technologies: Comparison of different methods 
 

Since the acceptance region varies for different sample size based on the revised 𝒑̂, the value of PA 

will also vary for any reported mean error and SD. The PA values can be directly evaluated using 

Equation (28). Table 34 and Table 35 provide a list of different studies that have reported device 

inaccuracy based on their development techniques or research methods. The techniques or methods 

outlined in the tables represent only a subset of the diverse range of technologies employed in the 

development of blood pressure (BP) measurement devices. While the table highlights specific 

studies utilizing various methods, it is important to recognize that numerous other technologies and 

approaches are also being explored within the field of device development. The device inaccuracy 

in both the tables signifies the error (𝒙̅ ± SD) associated with the BP device. These BP estimation 

errors are measured in mmHg.  

The proposed methods allow us to evaluate the Probability of Acceptance of devices reported by 

these studies and hence also provide comparison between different BP development 

techniques/methods. For instance, a study conducted to develop a BP device using oscillometric 

method has reported mean of BP errors 𝒙̅ as -0.7 and SD as 6.9 for a sample size 33 [23]. The SP10 

standard states that 85 samples should be used and for 𝒙̅ = -0.7 mean BP error, the SD should not 

be more than 6.95. Even though the SD reported by the study with 33 samples is less than 6.95, it 

would be incorrect to interpret this as compliance to the SP10 criteria because the smaller sample 

size will also influence the acceptability. By evaluating PA, we can analyse that effect. For this study 

PA ~ 0.87 which is less than the threshold of acceptability upon which SP10 is based i.e. PA ≥0.95. 

Hence, the device is not meeting the criteria of acceptability. 

Table 34: Comparison statistics of the previous clinical studies that have reported device inaccuracy based on SBP values. 

Study  Method/Techniques Sample Size Device 

Inaccuracy (𝒙̅  ± 

SD) 

Probability, 𝑷𝑨 

(𝒑 ≥ 𝟎. 𝟕𝟖) 

[137] Oscillometry 33 -0.7 ± 6.9 0.873 
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Table 35: Comparison statistics of the previous clinical studies that have reported device inaccuracy based on DBP values. 

 

[138] PTT 10 1.04 ± 6.88 0.730 

[139] PTT-PPG 33 1.17 ± 5.72 0.997 

[140] Standing 25 -0.462 ± 8 0.539 

[141] PAT 32 0.12 ± 6.15 0.984 

[142] PTT 33 -0.06 ± 6.63 0.934 

[143] PTT-linear 20 0 ± 6.73 0.859 

 PTT-nonlinear 0 ± 5.56 0.995 

[144] ML 45 4.53±2.68 0.999 

Study  Method/Techniques Sample 

Size 

Device Inaccuracy 

(𝒙̅ ± SD) 

Probability, 𝑷𝑨 

(𝒑 ≥ 𝟎. 𝟕𝟖) 

[138] PTT 10 -2.16 ± 6.60 0.732 

[139] PTT-PPG 33 0.40 ± 7.11 0.825 

[145] PTT-IPG 15 -0.5 ± 5.07 0.999 

[146] PWV- 15 -0.06 ± 5.46 0.991 

[137] Oscillometry 33 -1.0 ± 5.1 0.999 

[141] PAT 32 1.31 ± 5.36 0.999 

[142] PTT 33 -0.25 ± 5.63 0.999 
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6.7 Discussion and Conclusion 
International standards such as ISO 86010-2 serve an important purpose in providing clarity to 

consumers, manufacturers, and regulators that medical devices (at least with respect to the scope 

of the standard) are safe and effective. With this purpose, standards provide clear pass/fail criteria, 

which reflects the level of a device’s performance and acceptability. In this regard, the pass/fail 

criteria set out in ISO 86010-2:2018, inherited from SP10, is broadly recognized and represents an 

implicit definition of what constitutes acceptable errors in blood pressure measurement. In SP10, the 

mathematical translation of this definition into pass/fail criteria utilises an approximate approach that 

results in formulas for confidence intervals that are functions only on the sample size, disregarding 

the sampling errors in the form of estimated probability of tolerable error. In this work, we have 

proposed a method using a solid statistical theory to determine confidence intervals. The proportion’s 

sampling distribution is a more accurate statistical approach to study the random errors producing 𝑝 

since it additionally takes the mean and the SD of measurement errors into consideration. 

By detailing the expected changes in device acceptability, the paper contributes valuable knowledge 

to the existing research in this field. This work also provides an adjusted acceptance limit of BP 

errors based on the same definition of acceptable performance underlying SP10 standard for studies 

that use a sample size less than 85. The adjusted limits are expected to be useful in initial validation 

of BP technologies. Device manufacturers can use these adjusted acceptance limits to estimate 

compliance with the standards using smaller sample sizes, reducing cost of development and/or 

allowing faster iterative development. 

An important use-case for this research is the ability to compare reported results, for example, when 

there are several technologies/methods/algorithms being used for estimating BP, and the individual 

reports utilize different sample sizes, as shown in Table 34. In each case, the reported device 

inaccuracy (𝑥̅ and SD) appear to be within the SP10 criteria. However, the sample sizes are 

significantly smaller. Using the methods presented here, calculation of probability of acceptance, 𝑃𝐴, 

allows a quantitative comparison of the existing literature and also to the SP10 criteria. For most of 

the presented studies, it is apparent that the reported results do not reach an equivalent level of 

confidence as SP10. 𝑃𝐴 allows direct comparison of results with different means and standard 
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deviations, for example a study with high ± mean and low SD[144] and a study with much lower ± 

mean and higher SD [142]. Many hypertension societies now offer clinicians a comprehensive list of 

blood pressure measurement devices, facilitating informed decision-making for clinical trials. 

Currently the list can only assess whether the device is recommended or not based on their 

performance, utilizing the acceptance range specified in the standards [268]. With the introduction 

of the proposed method, clinicians can now more appropriately compare the reported inaccuracies 

across varying sample sizes. This functionality empowers clinicians when evaluating devices for their 

specific research needs. 

We demonstrate that no more than 70 samples are required to maintain the 85% estimated 

probability of tolerable error, as opposed to the N=85 stated in the standards, as illustrated in Figure 

29. There are cases where being able to correctly interpret results of a study with a smaller sample 

would be beneficial, for example, with population subset with only infants. Our framework still makes 

a statistical assumption of reasonably large sample sizes, ideally N ≥ 39, Although, the proposed 

method is optimized for at least 39 samples, it is instructive to see how the framework performs for 

fewer samples. For this, we performed a simulation study with varying the mean and the SD of the 

error distribution. We experimented with high variance but not exceeding the SP10 mandate for the 

SD, that is, 𝜎 ≤ 6.9. The approximations with the proposed framework demonstrated closer results 

compared to the approximations with the existing framework. Table 31 presents one such result, 

while additional scenarios are elaborated in detail in Table 46, Table 47 and Table 48 in Appendix D. 

The results get more distant for both frameworks as the sample size decreases. We witness this 

relation because with smaller samples sizes, the tendency of the sampling distribution to 

approximate normal distribution decreases. These results are further confirmation that caution 

should be applied when using smaller sample sizes, and particularly when N < 39. To extend the 

proposed framework for less than 39 samples, further research is required. 

This study presents a formal statistical evaluation of the device’s conformity with international 

standards, primarily through the evaluation of the probability of acceptance 𝑃𝐴 depending on the 

mean error, SD of the error, and the sample size. While evaluating a device’s inaccuracy, 

international standards also mandate that device follows guidelines in regard to selecting the cuff 
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size, providing subject with a resting period prior to measuring etc. Any deviation from these 

protocols has the potential to introduce bias, though the specific impact remains inconclusive as 

most studies do not explicitly state whether these protocols were adhered to. Additionally, to ensure 

enough samples in varied categories, including, to cover high and low blood pressure groups, ranges 

and distributions of arm sizes, large sample size is necessary. In such cases, a smaller sample size 

will not be representative of the population. 

With significant modifications for the standard SP10, we introduce a mathematical framework to 

accommodate different underlying definitions of acceptable error and confidence. This is of 

relevance to those developing new BP measurement technologies which are often tested initially in 

smaller samples, such as cuffless, wearable BP measurement devices that perform continuous 

readings to gather trends for a long period of time. These technologies help in assisting real time 

fluctuations which might be useful for clinical trials that aim to gather longitudinal data on blood 

pressure trends and responses to interventions.  

Finally, to assist in calculations presented, this paper also introduces the companion R package 

“bpAcc”, an implementation of this methodology involving functions to directly compute the 

acceptance limit and 𝑃𝐴 without having to deal with the mathematical complexities. At present, our 

framework has infrastructure to afford normally distributed errors, as stated by the argument 

“distribution” from “PAccept()” and “AcceptR()”. Future work includes upgrading both functions to 

handle errors other than normal. Initial steps have been taken in this direction with both functions 

being currently trained and tested using the one-parameter (𝜆, or degrees of freedom) Student-t 

distribution. We are focused on selecting real-valued distributions with practical benefits for clinicians 

and manufacturers, rather than a theory–based selection of choices. Essentially, more data is useful, 

but experiments are often expensive. We aim to provide choices spanning various sample sizes, by 

providing statistical infrastructure to maximize the user’s ability to identify faulty devices (e.g., Type 

I error) for BP measurement. Over time, both functions will be enhanced with further arguments to 

handle, e.g., criteria other than “SP10:2006”.  
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CHAPTER 7. DISCUSSION AND CONCLUSION 
 

7.1 Conclusions 
The primary goal of this thesis is to investigate the impact of BP measurement errors on CVD risk 

prediction in the NZ population and their potential effect on treatment decisions.  We particularly 

focus on two critical sources of BP measurement errors, namely, rounding errors and the errors 

arising due to device inaccuracies.  

The results on the impact of rounding BP measurements to the nearest zero end-digit is presented 

in Chapter 3. The methodology involved a simulation study where a second reading was generated 

for a sample of 292,122 non-zero SBP records by rounding to the nearest zero end-digit. Cox PH 

models were subsequently employed on both, the original and rounded datasets, to evaluate 

changes in the risk classification and on the overall model predictability, measured by HR. This 

approach was then generalised to the full cohort, accounting for device calibration to the nearest 2 

mmHg, to represent real-world rounding situations in the current cohort  [219]. The results show that, 

even though there were slight variations in the overall model predictability, there was notable 

changes in the risk classification. Approximately 4.24% of high-risk men and 3.21% of high-risk 

women are misclassified into lower-risk categories. Additionally, 1.19% of men and 0.62% of women 

are overclassified into the moderate-risk group, while 0.47% of men and 0.20% of women are 

overclassified into the high-risk group. To examine the implications of the changes in these risk 

classifications due to rounding on the overall healthcare costs within the NZ healthcare system, a 

detailed healthcare cost analysis was conducted, and presented in Table 17 and Table 18 in Chapter 

3. 

Chapter 4 presents the results of the analysis on the impact of device related inaccuracies in BP 

measurement on CVD risk classification into different risk groups in NZ. A simulation study was 

performed using the entire dataset, by adjusting the original SBP measurements after accounting for 

the device-related inaccuracies, in contrast with the approach adopted in Chapter 3, as all BP 

measurement devices have a certain form of device inaccuracy. Likewise, Cox PH models were 
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applied to the original dataset with baseline SBP values and subsequently to the dataset with the 

adjusted SBP values. Our key focus was on the changes in HRs between both models, as well as 

on the misclassification rates across three CVD risk groups and the economic consequences of 

these misclassifications. The changes in the HR of both models were analysed along with the rate 

of misclassification across three CVD risk categories resulting from device inaccuracy, together with 

the financial implications of these misclassifications. 

Chapter 5 presents the impact of BP device inaccuracies on the classification of European, Māori 

and Pacific individuals into different CVD risk categories. While the study design was similar to that 

adopted in our analyses presented in Chapter 4, it extended the analysis by investigating re-

classification as it interrelates with significant risk factors with higher HRs, such as BMI, diabetes 

status, smoking status, usage of BP lowering medications and history of atrial fibrillation. This study 

examined the trends among different ethnic groups through comprehensive exploratory analysis 

along with comparative analysis to assess the accuracy of risk classification within these groups. 

This research also evaluated the rate of misclassification among CVD risk categories when the SBP 

is adjusted for the highest permissible device error (SD=6.95 mmHg).  Moreover, we discovered 

multiple instances in previous research where the range of acceptable errors for BP measurement 

devices was not adhered to, typically due to non-compliance with sample size requirements or 

variations from established acceptance limits. 

 A significant shortcoming identified in the existing methodology was its sole dependence on the 

sample size, neglecting the potential variability of acceptance limits in relation to alterations in the 

mean and SD of BP errors. To address this gap, Chapter 6 provides a novel methodology that 

incorporates both the mean and SD of BP errors to provide a comprehensive framework for 

evaluating device accuracy. Here, a simulation was performed to validate the proposed approach, 

demonstrating a better approximation to estimate the probability of device acceptance compared to 

the methodology outlined in the ISO standard [49]. 

Additionally, Chapter 6 also presented the concept of evaluating the probability of acceptance (𝑃𝐴), 

which offers a practical means of comparing studies employing different device development 
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techniques. At this stage, we reviewed previous research, evaluating 𝑃𝐴 under various conditions. 

Finally, the study presents an R package “bpAcc”, which facilitates calculations by providing 

functions, AcceptR() and PAccept(), to directly compute the acceptance limit and 𝑃𝐴, thereby 

reducing mathematical complexities. 

7.2 Contributions 
Theory advancements 

The ISO standard defines acceptance criteria based on an approximation that depends only on 

sample size for establishing confidence intervals, while overlooking the impact of sampling errors via 

mean and SD. The work presents a more rigorous statistical approach for establishing appropriate 

confidence intervals. The sampling distribution of sampling proportions provides a more precise 

approach for analysing random errors, as it contains both the mean and SD of measurement errors. 

This enhancement more effectively accounts for the variability generated by such errors, yielding a 

more accurate and dependable framework for evaluating BP measurement device acceptance as 

opposed to the methodology presented by the standard which does not account for this variability. 

Real-world applications 

This research also presents revised BP error acceptance limits for sample sizes below 85, in 

accordance with the SP10 standard's criteria for acceptable performance. The revised limitations 

can aid in the preliminary validation of BP technologies, allowing manufacturers to assess 

compliance with standards using fewer samples, hence lowering development costs and expediting 

iterative development. Another application of this research is the ability to compare reported results 

from diverse technologies, methodologies, or algorithms employed for measuring BP, particularly 

when they use differing sample sizes for reporting BP device inaccuracy. The methodology proposed 

allows for the evaluation of the probability of acceptance, enabling a quantitative comparison of the 

current literature to identify best methods to develop a BP measurement device. A key takeaway 

from this research is that acceptance limits are dependent upon sample size; thus, criteria 

established for sample sizes of N ≥ 85 are inapplicable to smaller sample sizes. 
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R package  

The concept of “acceptance region” and “probability of device acceptance” have been implemented 

in an R package “bpAcc”. The package consists of two main functions, AcceptR() and 

PAccept()as illustrated in                           Table 32 and Table 33 in Chapter 6. AcceptR() provides the 

acceptance limits for a particular sample size to ensure adherence to the standards. PAccept() 

directly computes the probability of acceptance which is useful to determine how far existing studies 

or devices are from the acceptable standard. 

Practical implications of BP errors 

This study makes contributions towards the current body of literature on the impact of 

BP measurement inaccuracies on CVD risk prediction using the PREDICT-1 equation. This study 

assesses the implications of BP errors on patient classification within NZ's national cohort and the 

model's predictive accuracy, in contrast to prior studies that mainly examined the influence of 

rounding errors using international risk equations. The results quantify the extent of this influence, 

providing data for healthcare practitioners and regulators to reconsider BP measurement practices. 

The findings also suggest disparities among ethnic groups, with Māori exhibiting the highest rates of 

misclassification, hence increasing the risk of both undertreatment and overtreatment. The study 

further investigates the behaviour of risk factors in the context of BP errors in European, Māori, and 

Pacific populations, contributing to discussions on possible benefits of ethnicity-specific risk 

prediction models. 

Healthcare costs estimate 

This work also makes a significant contribution by performing a comprehensive analysis of 

healthcare costs, evaluating the expenses associated with CVD risk assessment and medication 

over a five-year period for each individual. Integrating clinical risk estimations with economic 

evaluations provides significant insights into the financial burden of CVD management. The results 

indicate an unnecessary expenditure of around NZD 8.2 million from rounding errors ranging up to 

NZD 21.71 million from acceptable device inaccuracy, both attributable to overtreatment. 

Additionally, the results emphasise the increased likelihood of adverse events due to undertreatment, 
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further straining the healthcare system. This analysis illustrates the long-term financial repercussions 

of misclassification resulting from BP measurement errors, emphasising the necessity for precise 

risk evaluation to optimise resource allocation.  

Implications for Clinical Practice and Policy 

This study suggests benefits that could be derived from specialised educational programs for 

healthcare professionals regarding the effects of rounding errors and the significance of precise 

BP recording. Regular retraining helps solidify best practices, maintaining uniformity and minimising 

errors. The findings also motivate investigations into the adequacy of the currently allowable range 

for the inaccuracy of BP measurement devices in clinical research and whether more rigorous limits 

could enhance risk classification. Furthermore, the insights assist policymakers in enhancing 

protocols that improve BP measurement accuracy and outcomes for patients. 

7.3 Recommendations for Future Work 
We also identify new directions that broaden the work further. The following sections describe basic 

ideas for future work: 

Better data collection  

The probability of BP rounding may be influenced by specific confounding variables, such as 

socioeconomic status, for instance, elevated NZDep scores, or access to superior healthcare 

facilities. Nevertheless, owing to the absence of data or research regarding these criteria, it was 

impracticable to incorporate them into our study. Future research should explore the association 

between BP rounding tendencies and socioeconomic disparities, potentially integrating linked 

healthcare data to assess whether individuals in lower socioeconomic groups experience greater 

measurement inaccuracies.  

The BP measurement device errors are assumed to adhere to a normal distribution, as outlined by 

international standards and have been accounted for in the study by assuming that all BP readings 

in the dataset contain a certain level of measurement error. However, owing to the absence of 

comprehensive data regarding the specific devices employed for BP recording, this assumption has 
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been consistently applied to all readings. It allows us to evaluate the holistic impact of device-related 

errors on CVD risk classification, offering a wider understanding of how device inaccuracies affect 

clinical outcomes. Future work should focus on gathering detailed device-level data to evaluate 

whether measurement errors vary across different BP monitors. Conducting validation studies 

comparing device-specific accuracy would help refine error estimates and improve risk classification 

adjustments in clinical settings.  

Standardisation of Ethnic Representation 

This study is limited by the unequal representation of ethnic groups in the dataset, with more records 

of Europeans compared to other ethnic groups. The dataset was not modified to balance the number 

of records among ethnicities, as the study aimed to assess the influence of BP measurement 

inaccuracies on CVD risk prediction utilising the PREDICT-1 equation. Since this equation was 

developed using the same dataset and is currently being used in the NZ healthcare system, retaining 

the original proportions ensures its applicability to the real-world settings. However, future research 

may investigate the standardisation of the dataset by balancing the number of records among ethnic 

groups. This would provide a more thorough assessment of the influence of BP measurement errors 

on CVD risk prediction, guaranteeing equitable representation of all ethnic groups.  

Other sources of BP errors 

This research focusses on analysing the impact of rounding errors and device errors on the CVD 

risk prediction in NZ, while acknowledging the other sources of BP errors, such as incorrect posture, 

white coat effect and incorrect cuff size and placement. The results offer insights into the current 

body of information, emphasising that although they are not the sole determinant, they constitute a 

significant element in clinical decision-making. However, further research is necessary to investigate 

the impact of additional sources of error and the inter-relation between these errors, to expand 

understanding of BP measurement challenges and increase clinical outcomes. 
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Consideration of small sample size 

The simulation study conducted in Chapter 6 to validate the approximations from the proposed 

methodology, as presented in Table 31 in Chapter 6, highlight that the probability of acceptance 

values get more distant as the sample size decreases. This occurs due to a smaller sample size that 

reduces the propensity of the sampling distribution to approximate a normal distribution. These 

findings additionally highlight the need for careful consideration when employing smaller sample 

sizes, especially when N < 39. Further research must be conducted to expand the proposed 

framework for smaller sample sizes.  
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APPENDIX 
 

APPENDIX A 

Table 36: Hazard ratios for the original model and the rounded model for men. 

Variables Original Dataset Full Rounding Generalised (12% 
Rounding) 

Age 1.0715 1.0716 1.0715 

Chinese 0.6508 0.6499 0.6509 

Indian 1.1849 1.1848 1.1848 

Māori 1.3663 1.3682 1.3658 

Pacific 1.2497 1.2485 1.2495 

Ex-Smoking 1.1167 1.1171 1.1167 

Currently Smoking 1.7809 1.783 1.7811 

Family History 1.1598 1.1617 1.1606 

Atrial Fibrillation 1.7895 1.789 1.7915 

Diabetes 1.6338 1.6327 1.6344 

BMI1 (<18.5) 1.756 1.7504 1.7563 

BMI2 (25–<30) 0.9345 0.9357 0.9345 

BMI3 (30–<35) 0.9754 0.9782 0.9753 

BMI4 (35–<40) 1.0955 1.0995 1.0957 

BMI5 (>=40) 1.4224 1.4292 1.4226 

BMI unknown 0.9053 0.9063 0.9054 

BP Lowering Med 1.309 1.3112 1.3081 

Lipid Lowering Med 0.9425 0.9415 0.9426 

Antithrombotic Med 1.0589 1.0579 1.0588 

NZDep 1.0597 1.0597 1.0597 

SBP 1.0188 1.0179 1.0187 

TC/HDL Ratio 1.1422 1.1426 1.1423 

Age:Diabetes 0.9845 0.9844 0.9844 

Age:c.SBP 0.9994 0.9995 0.9994 

BP Lowering Med:SBP 0.9963 0.9968 0.9964 
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Table 37: Hazard ratios for the original model and the rounded model for women. 

Variables Original Dataset Full Rounding Generalised 

(12% Rounding) 

Age 1.0761 1.0759 1.0761 

Chinese 0.6712 0.6701 0.6707 

Indian 1.166 1.1651 1.1655 

Māori 1.6181 1.6207 1.6185 

Pacific 1.2874 1.2862 1.2875 

Ex-Smoking 1.1409 1.141 1.1412 

Currently Smoking 1.9554 1.9547 1.956 

Family History 1.0323 1.0333 1.0324 

Atrial Fibrillation 2.5997 2.5913 2.5995 

Diabetes 1.5993 1.5979 1.5993 

BMI1 (<18.5) 1.6933 1.693 1.6945 

BMI2 (25–<30) 0.9985 0.9993 0.9992 

BMI3 (30–<35) 0.9977 0.9985 0.9983 

BMI4 (35–<40) 1.0474 1.0501 1.0487 

BMI5 (>=40) 1.377 1.3819 1.3789 

BMI unknown 1.0377 1.0392 1.038 

BP Lowering Med 1.414 1.4225 1.415 

Lipid Lowering Med 0.9578 0.9561 0.9575 

Antithrombotic Med 1.1394 1.1386 1.1388 

NZDep 1.1035 1.1035 1.1036 

SBP 1.0189 1.0182 1.0187 

TC/HDL Ratio 1.1317 1.1322 1.1318 

Age:Diabetes 0.9856 0.9856 0.9856 

Age:c.SBP 0.9995 0.9995 0.9995 

BP Lowering Med:SBP 0.9925 0.9925 0.9926 
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Table 38: Misclassification rate for men and women along with the 95% CI (Full rounding) 
  

Rounded Risk 

 Original 
Risk 

<5% 5-15% >15% 

Women <5% 99.38% 
(99.36–99.41%) 

0.62% 
(0.59–0.64%) 

0.00% 

 
5–15% 3.21% 

(3.06–3.36%) 
96.59% 

(96.43–96.74%) 
0.20% 

(0.17–0.24%)  
>15% 0.00% 3.21% 

(2.78–3.71%) 
96.79% 

(96.29–97.22%) 

Men <5% 98.81% 
(98.77–98.84%) 

1.19% 
(1.16–1.23%) 

0.00% 

 
5–15% 2.85% 

(2.76–2.94%) 
96.68% 

(96.56–96.79%) 
0.47% 

(0.43–0.53%)  
>15% 0.00% 4.24% 

(3.96–4.55%) 
95.76% 

(95.45–96.04%) 

 

Table 39: Misclassification rate for men and women along with the 95% CI (12% rounding) 
  

Rounded Risk 

 Original 
Risk 

<5% 5-15% >15% 

Women <5% 99.90% 
(98.88–99.91%) 

0.10% 
(0.09–0.12%) 

0.00% 

 
5–15% 0.53% 

(0.44–0.63%) 
99.44% 

(99.33–99.53%) 
0.03% 

(0.02–0.05%)  
>15% 0.00% 0.74% 

(0.49–1.06%) 
99.26% 

(98.94–99.51%) 

Men <5% 99.82% 
(99.80–99.84%) 

0.18% 
(0.16–0.20%) 

0.00% 

 
5–15% 0.43% 

(0.43–0.48%) 
99.50% 

(99.44–99.55%) 
0.08% 

(0.06–0.10%)  
>15% 0.00% 0.71% 

(0.70–0.93%) 
99.29% 

(99.07–99.46%) 
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APPENDIX B 

Table 40: HR from Cox PH model with original and adjusted data for measurement errors for men. 

Variables Original Dataset ∈ ~ 𝑵(𝟎, 𝟔. 𝟗𝟓)  ∈ ~ 𝑵(𝟐. 𝟓, 𝟔. 𝟒𝟕)  ∈ ~ 𝑵(𝟓, 𝟒. 𝟖𝟏)  

Age 1.0707 1.0713 1.0711 1.0710 

Chinese 0.6632 0.6576 0.6585 0.6603 

Indian 1.2056 1.2001 1.2008 1.2033 

Māori 1.3706 1.3729 1.3734 1.3718 

Pacific 1.2648 1.2550 1.2572 1.2607 

Ex-Smoking 1.0989 1.1011 1.1003 1.0998 

Currently Smoking 1.695 1.7037 1.7008 1.6985 

Family History 1.122 1.1268 1.1270 1.1242 

Atrial Fibrillation 1.783 1.7610 1.7663 1.7749 

Diabetes 1.5967 1.5964 1.5969 1.5975 

BMI1 (<18.5) 1.7499 1.7348 1.7349 1.7439 

BMI2 (25-<30) 0.9382 0.9456 0.9443 0.9420 

BMI3 (30-<35) 0.976 0.9904 0.9879 0.9834 

BMI4 (35-<40) 1.0721 1.0952 1.0918 1.0837 

BMI5 (>=40) 1.4233 1.4650 1.4571 1.4443 

BMI unknown 0.9322 0.9379 0.9371 0.9352 

BP Lowering Med 1.3216 1.3405 1.3362 1.3268 

Lipid Lowering Med 0.9735 0.9692 0.9699 0.9714 

Antithrombotic Med 1.0499 1.0452 1.0460 1.0482 

NZDep 1.064 1.0641 1.0641 1.0641 

SBP 1.0186 1.0149 1.0155 1.0167 

TC/HDL Ratio 1.1458 1.1474 1.1470 1.1466 

Age:Diabetes 0.9858 0.9853 0.9854 0.9855 

Age:c.SBP 0.9995 0.9996 0.9996 0.9995 

BP Lowering Med:SBP 0.9958 0.9973 0.9970 0.9968 
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Table 41: HR from Cox PH model with original and adjusted data for measurement errors for women. 

Variables Original Dataset ∈ ~ 𝑵(𝟎, 𝟔. 𝟗𝟓)  ∈ ~ 𝑵(𝟐. 𝟓, 𝟔. 𝟒𝟕)  ∈ ~ 𝑵(𝟓, 𝟒. 𝟖𝟏)  

Age 1.0756 1.0763 1.0761 1.0760 

Chinese 0.7031 0.6981 0.6989 0.7006 

Indian 1.1149 1.1118 1.1116 1.1132 

Māori 1.5498 1.5512 1.5525 1.5506 

Pacific 1.2762 1.2726 1.2731 1.2744 

Ex-Smoking 1.1305 1.1310 1.1303 1.1304 

Currently Smoking 1.9547 1.9580 1.9583 1.9564 

Family History 1.0534 1.0564 1.0567 1.0555 

Atrial Fibrillation 2.465 2.4482 2.4501 2.4587 

Diabetes 1.6248 1.6213 1.6219 1.6225 

BMI1 (<18.5) 1.7584 1.7550 1.7508 1.7581 

BMI2 (25-<30) 0.99 0.9959 0.9953 0.9927 

BMI3 (30-<35) 0.9765 0.9858 0.9847 0.9808 

BMI4 (35-<40) 1.0312 1.0450 1.0432 1.0379 

BMI5 (>=40) 1.3748 1.3984 1.3960 1.3871 

BMI unknown 1.0158 1.0202 1.0208 1.0180 

BP Lowering Med 1.4665 1.4840 1.4805 1.4747 

Lipid Lowering Med 0.9333 0.9288 0.9296 0.9315 

Antithrombotic Med 1.1342 1.1321 1.1322 1.1328 

NZDep 1.1096 1.1099 1.1098 1.1097 

SBP 1.0181 1.0154 1.0155 1.0167 

TC/HDL Ratio 1.1414 1.1438 1.1434 1.1426 

Age:Diabetes 0.9835 0.9833 0.9834 0.9834 

Age:c.SBP 0.9995 0.9996 0.9996 0.9995 

BP Lowering Med:SBP 0.9923 0.9934 0.9935 0.9929 
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(a) 

(b) 

 

 

Figure 31: Relative Change in Hazard Ratios After Accounting for Acceptable Device Errors for (a) Men and (b) 
Women, with Standard Deviation of 6.95 mmHg, 6.47 mmHg, and 4.81 mmHg. 
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Table 42: Misclassification after adjustment for Error ~ N (0,6.95) 

 
Model 1 with 
SBPerror 

Model 2 with SBPactual 

  <5% 5-15% >15% 

Men Results 

 <5% 98.03% 
(97.97%-98.09%) 

1.97% 
(1.91% - 2.03%) 0.00% 

 5-15% 4.77% 
(4.62%-4.92%) 

94.45% 
(94.26% - 94.62%) 

0.79% 
(0.71% - 0.88%) 

 >15% 
0.00% 

7.50% 
(6.89% - 8.15%) 

92.50% 
(91.85% -93.11%) 

     

Women 
Results 

<5% 
98.98% 

(98.93%-99.03%) 
1.02% 

(0.97%-1.07%) 0.00% 

 5-15% 
4.98% 

(4.76%-5.21%) 
94.59% 

(94.37%-94.81%) 
0.43% 

(0.36%-0.51%) 

>15% 
0.00% 

5.65% 
(4.65%-6.80%) 

94.35% 
(93.20%-95.35%) 

 

Table 43: Misclassification after adjustment for Error ~ N (2.5,6.47) 

 
Model 1 with 
SBPerror 

Model 2 with SBPactual 

  <5% 5-15% >15% 

Men Results 

 <5% 
98.14% 

(98.08%-98.20% 

1.86% 
(1.80%-1.92%) 0.00% 

 5-15% 
4.50% 

(4.36%-4.65%) 
94.76% 

(94.58%-94.93%) 
0.74% 

(0.66%-0.82%) 

 >15% 
0.00% 

7.06% 
(6.46%-7.73%) 

92.94% 
(92.27%-93.54%) 

     

Women 
Results 

<5% 
99.04% 

(98.99%-99.09%) 
0.96% 

(0.91%-1.01%) 0.00% 

 5-15% 
4.70% 

(4.49%-4.92%) 
94.91% 

(94.69%-95.12%) 
0.40% 

(0.33%-0.48%)) 

>15% 0.00% 
5.30% 

(4.35%-6.39%) 
94.70% 

(93.61%-95.65%) 
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Table 44: Misclassification after adjustment for Error ~ N (5,4.81) 

 
Model 1 with 
SBPerror 

Model 2 with SBPactual 

  <5% 5-15% >15% 

Men Results 

 <5% 
98.57% 

(98.52%-98.62%) 

1.43% 
(1.38%-1.48%) 0.00% 

 5-15% 3.51% 
(3.38%-3.64%) 

95.94% 
(95.78%-96.08%) 

0.55% 
(0.49%-0.63%) 

 >15% 0.00% 
5.43% 

(4.90%-6.01%) 
94.57% 

(93.99%-95.10%) 
     

Women 
Results 

<5% 
99.27% 

(99.22%-99.31%) 
0.73% 

(0.69%-0.78%) 0.00% 

 5-15% 
3.63% 

(3.45%-3.83%) 
96.08% 

(95.88%-96.26%) 
0.30% 

(0.24%-0.36%) 

>15% 
0.00% 

3.99% 
(3.17%-4.96%) 

96.01% 
(95.04%-96.83%) 
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APPENDIX C 

 

Figure 32: Distribution of SBP by Ethnicity and Gender 
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APPENDIX D 

Table 45: List of parameters used in Section 3 with their description. 

 

Parameter Description 

𝝐𝒌
𝒋
 BP error for the jth participant, which is the difference between the test device 

measurement, 𝛿𝑘2

𝑗
and the reference device, 𝛿𝑘1

𝑗
. 

𝜹𝒋 Average of the errors for three measurements for the  jth participant. 

𝜟 Tolerable error i.e. errors within -10 mmHg and 10 mmHg 

𝒑̂ Estimated probability of tolerable error 

𝒑 True probability of tolerable error 

𝜸𝒑 Maximum value of the probability of a tolerable error 

𝜽 Parameterised Distribution for BP errors 

𝝁𝒑, 𝝈𝒑 True mean and true SD respectively  

𝝈𝑴𝑨𝑿 Maximum SD for a certain value of mean and 𝛾𝑃  

𝝈𝑨𝑨𝑴𝑰 Maximum SD for a certain value of mean as per SP10 where 𝛾𝑃= 0.85. 

𝒙̅𝜾 , 𝒔𝜾 Sample mean and sample SD of BP errors respectively. 

∅ Cumulative Density Function of the standard normal distribution. 
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Table 46: Simulated 𝑷𝑨 and 𝑷𝑨 obtained from Normal approximation using proposed method vs the method currently in use 
in the SP10 standard, for small sample sizes, with 𝜇𝑃= 0 and 𝜎𝑃= 6.9. 

 N=10 N=15 N=20 N=25 

Simulated 𝑷𝑨 0.83 0.83 0.84 0.85 

𝑷𝑨 using proposed 

framework 

0.74 0.79 0.82 0.85 

𝑷𝑨 using SP10 

method 

0.71 0.75 0.79 0.81 

 

Table 47: Simulated 𝑷𝑨 and 𝑷𝑨 obtained from Normal approximation using proposed method vs the method currently in use 
in the SP10 standard, for small sample sizes, with 𝜇𝑃= 2.5 and 𝜎𝑃= 6.9. 

 

 N=10 N=15 N=20 N=25 

Simulated 𝑷𝑨 0.75 0.74 0.74 0.74 

𝑷𝑨 using proposed 

framework 

0.65 0.68 0.71 0.73 

𝑷𝑨 using SP10 

method 

0.64 0.67 0.69 0.72 
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Table 48: Simulated 𝑷𝑨 and 𝑷𝑨 obtained from Normal approximation using proposed method vs the method currently in use 
in the SP10 standard, for small sample sizes, with 𝜇𝑃= 5 and 𝜎𝑃= 6.9. 

 N=10 N=15 N=20 N=25 

Simulated 𝑷𝑨 0.52 0.46 0.42 0.38 

𝑷𝑨 using proposed 

framework 

0.42 0.40 0.38 0.37 

𝑷𝑨 using SP10 

method 

0.41 0.39 0.37 0.36 

 

 

 

 


