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Abstract

It is well established that the leading global cause of mortality and morbidity, cardiovascular
disease (CVD), is more severe in resource-constrained environments such as rural India (RI).
This thesis explores how best to manage CVD risk in RI by using a mobile-based, point-
of-care (POC) Clinical Decision Support System (CDSS), SMARThealth, that is designed to
assist Accredited Social Health Activists (ASHAs) or minimally trained health workers. The
four major focus areas are:

(a) Design, development, and large-scale data collection using SMARThealth - an agile devel-
opment process and user-centred design approach were followed to pilot test the CDSS with
292 participants. Evaluation metrics included system efficiency, end-user variability, usability,
and sub-group analysis to identify better or poorly performing ASHAs. An improved version
of SMARThealth was used for baseline data collection across 54 villages (62,194 participants)
in Andhra Pradesh, India. 9864 (15.8%) of the participants were at high CVD risk.

(b) Improvement of the sole CVD risk prediction algorithm for RI, the WHO/ISH CVD
risk prediction charts (WHO-ISHc) - the choice of the low information (LI) model or high
information (HI) model of WHO-ISHc was statistically significant for CVD risk prediction
in RI (p=0.008;c2=7.03) with 155 subjects (or 14.5% of 1066 patients) having different CVD
risk scores according to the LI and HI WHO-ISHc. A parsimonious POC test was developed
to identify patients for whom risk prediction by the HI and LI WHO/ISHc differ (that is, for
whom the assessment of total cholesterol would be beneficial). The POC test showed good
discrimination (out-of-sample AUC 0.85 with Random Forests).

(c) Assessment of best prediction algorithm for RI - eight highly predictive features of CVD
risk were identified based on labelled data, and the resulting model (Model 1) had higher or
equal AUCs and log-likelihood scores, and lower Brier scores when compared to a bench-
mark algorithm. The contribution of age and gender alone offered good discrimination and
recalibration of Model 1 for RI was introduced. The lack of recorded end outcomes in RI
prompted the use of an unsupervised approach to identify high-risk patients. Clusters of low
and high CVD risks were found when K̂=2, but also clusters with intermediate risk when
K̂=4 offering an alternative approach to identifying groups of high-risk patients.

(d) Analysis from a randomised controlled trial evaluation of SMARThealth - preliminary data
analysis of 131 high-risk patients during the first year of the randomised controlled trial
showed a statistically significant reduction in median blood pressure between the 1st and 5th

assessment (p=0.0097). The proportion of patients under treatment for high blood pressure
continued to increase throughout.
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Chapter 1

Motivation and Background

1.1 Global burden of Cardiovascular disease (CVD)

The leading cause of death and disability worldwide is Cardiovascular disease (CVD) [4].

CVD is a broad term, covering any disorder related to the heart and the circulatory system.

This can refer to coronary artery disease such as myocardial infarction or angina, cerebrovas-

cular disease such as stroke or transient ischaemic attacks, or peripheral vascular disease.

Lower and Middle Income Countries (LMICs) share the majority of the CVD burden with

over 80% of CVD deaths occuring in these countries [4]. At the same time, the amount of

money spent on healthcare as a percentage of GDP is substantially lower in LMICs ($72

per capita) as compared to developed countries ($2700 per capita) [5]. An example of this

is the fifty-fold difference between the USA and South Africa with regard to spending on

CVD care [5]. A majority of CVD events are preventable, yet current prevention methods

are inadequate to substantially reduce the global burden [4].
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1.2 CVD in India

Despite the country being host to 17% of the world’s population, India’s public spending

on healthcare is less than 1% of the world’s total health expenditure [6]. Statistics show

that between 80-86% of health-related expenditure in India is met out-of-pocket [7][8], one

of the highest in the world. Furthermore, a majority of the Indian public resides in rural

areas where there is often a disproportionate ratio of doctors to patients. The acute shortage

of primary-care physicians leads to many hurdles in healthcare delivery, especially in rural

areas. It is estimated that out of 1.1 million medical practitioners in India, about 75% of

them live in urban areas and 700 Primary Health Centres (PHCs) are without a physician

[9]. This clear urban-rural, rich-poor divide greatly impairs the ability of many sectors of

the population to access quality healthcare, such as the urban-poor, who find it extremely

difficult to meet the costs of private health care flourishing in the cities. According to the

Indian government’s Insurance Regulatory and Development Authority, only 216.2 million

or 17% of the population was covered by health insurance as of March 2014 [10].

The burden of CVD in India is profound. The annual number of years of life lost due

to coronary heart disease related-deaths before the age of 60 years was 7·1 million in 2004

and is estimated to increase to 17·9 million in 2030 in India [11]. This number is greater

than the sum of projected life years lost due to the same cause in China, Russia, and the

USA combined [11]. Hypertension, a major risk factor for CVD, is responsible for 16%

of ischaemic heart disease, 21% of peripheral vascular disease, 24% of acute myocardial

infarctions and 29% of strokes in India according to estimates from the Indian Council

of Medical Research [12]. The burden of hypertension in India is such that the estimated

number of people with hypertension (118 million diagnosed in 2000) will double by 2025

(projected to be 212 million) [13]. Furthermore, by 2025, it is estimated that 189 million
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Indians will be over 60 years of age (triple the number in 2004), placing an additional burden

on the already strained healthcare infrastructure [14]. Also there has been a shift in attention

from communicable diseases to chronic diseases as the rise in lifestyle related illnesses

such as stroke, heart disease, hyperlipidemia, diabetes and hypertension reaches epidemic

proportions.

1.3 Primary care provisions for managing CVD in rural

India

Since independence in 1947, there have been various health committee reports in India

as well as five-year plans to address the country’s healthcare needs. In 1978, India was a

signatory of the Alma Ata declaration which carried the motto “Health for all by year 2000”.

This prompted the formulation of India’s first National Health Policy (NHP) in 1983 which

attempted to incorporate a universal and comprehensible primary health care system. The

second NHP in 2002 aimed to be a progression of the first. However, proper implementation

has always been a problem and at various points in the years since independence, there have

been shifts in policy focus towards single-purpose programmes such as family planning or

eradication of communicable diseases, which have played their part in fewer resources being

diverted to primary health care.

In 2005, the National Rural Health Mission (NRHM) was launched by the Indian Gov-

ernment with the aim of providing efficient primary health infrastructure to benefit the

80% of the population who live in rural areas. One of the key features in this framework

was the creation of the Accredited Social Healthcare Activists (ASHAs) who are female

health-care workers designed to serve as a communication link between the people in rural
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areas and their health community centre. By 2012, the NRHM aimed to have approximately

400,000 ASHAs in 18 high focus states (the ones with poor health infrastructure) with the

ratio of 1 ASHA per 1000 people [15]. The NRHM was also designed to create health per-

sonnel at every level with appropriate linkages amongst them. Figure 1.1 illustrates the model.

Figure 1.1 Structure of the NRHM framework adapted from National Rural Health Mission’s
documentation [16]. At the bottom of the pyramid are the ASHAs who form the interface
between the public health system and the villages. Abbreviations: ASHA-Accredited Social
Health Activist; AWW-Anganwadi worker (similar capacity as an ASHA but focuses on child
development as well); SC-Sub Centre; VH-Voluntary Health workers; RMP-Rural Medical
Practitioners; ANM -Auxiliary Nurse Midwife (healthcare workers at Sub-Centre level);
MPW-Multipurpose workers; MCH - Maternal and Child Health; LHV-Lady Health Visitor;
SHCs-Sub Health Centres; MOI/C- Medical Officer In Charge; AYUSH-Indian System of
Medicine (Ayurveda, Yoga & Naturopathy, Unani, Siddha and Homoeopathy).

The public health services in rural India can be described as beginning with the Sub-

Centres as the focal point of contact between the village community and the health system.
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They are designed to cater to the healthcare needs of around 5000 people [17] and to be run

by at least an ANM and a male healthcare worker [15]. Next, the Primary Health Centres

(PHCs) operate at the block level and depending on the area and size can cater for between

30,000 and 100,000 people [17]. Generally, they are equipped with two general physicians,

a staff nurse, an ANM and LHV. Recently, plans have been outlined to meet the growing

demand and shortage of medical personnel in the PHCs. For instance, three staff nurses and

round-the-clock services have been proposed in addition to having more doctors [15]. The

next level of healthcare centre is the Community Health Centre (CHC) to meet the needs of

between 100,000 to 300,000 people [17]. Facilities include general and specialist doctors and

staff nurses. Next in the health setup are the First Referral Units (FRUs), which are mainly

designed to provide emergency obstetric and newborn care but also have general doctors

and nurses [15]. The top level public health centres at the rural framework are the District

Hospitals.

In Hindi, one of India’s official languages, the word ASHA translates as hope. ASHAs

are often chosen by the village panchayat (a team of usually 5 respected elders of the

village serving as a ruling authority) and preference is given to married, divorced or widowed

women aged between 25 and 45 years. This is partly because in Indian tradition, it is common

for women to move to their spouse’s home after marriage. A majority of the ASHAs are

educated up 10th grade in school (equivalent to GCSE level). ASHAs get performance-based

remuneration such as Rs.150 (£2) for every woman they bring to the PHC to get their child

vaccinated or receive advice on family planning. Their role is honorary and salaries are

often low, not more than Rs.1200-1500 (£18) every month. ASHAs play a major part in

maternal health, child development and connecting the village’s health needs to the PHC.

Their familiarity with their village makes them an important aspect of the NRHM’s objectives,
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as well as a valuable health workforce whose capacities can be enhanced to deliver essential

healthcare to villages.

1.4 Introduction to mobile health (mHealth) approaches

for chronic disease management

Mobile health or mHealth is the delivery of healthcare services through mobile technology

[18]. The substantial penetration of mobile phones [19] [20] even in the poorest and most

inaccessible regions of the world could help to solve one of the major challenges in global

health - that of the structural barriers to access [21]. The doctor-to-patient ratio is 1:20000 in

rural India, as opposed to 1:2000 in urban areas [22]. Hence, there is a need to bridge the gap

caused by the lack of access to quality healthcare in rural areas. Superior data quality, lower

communication delays, and the option of automatic interpretation could be delivered by using

electronic systems instead of traditional paper-based data collection techniques [23].

A variety of chronic disease focused mhealth systems have been implemented in the

developed world for the management of long-term conditions such as type 1 or type 2 dia-

betes [24][25][26], medication reminders and adherence support [27][28], drug inventory

management through text messages [29], data collection [30], encouragement of healthy

behaviour and lifestyle change such as weight reduction [31], increasing physical activity

[32] and smoking cessation [33].

Despite numerous mHealth pilot studies in recent years, limited evidence is available on

large-scale adoption, efficacy, effectiveness and best strategies for engagement [21]. The

basic evidence, therefore, for scale-up of mHealth programmes is insufficient with few formal

outcome evaluations in LMICs [34]. There is a requirement for thorough evaluations in the
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form of randomised controlled trials as opposed to mere pilot studies [21]. The successful

large-scale use of mHealth may require the adoption of open health architecture for interop-

erability, standardised frameworks for reporting and the use of behavioural change theories

[21]. mHealth applications need to be designed with the communities, health workers and

patients in mind.

We described the role of ASHAs in the rural Indian healthcare in Section 1.3. If we

are to scale up care for chronic diseases like CVD that require continual monitoring, this

unique workforce that bridges villages and public health centre should be fully utilized.

However, their lack of substantial training makes this task difficult. Hence, there is a need

for enhancement of their capacity. Electronic Clinical Decision Support Systems (CDSS)

offer several advantages and have the potential to create a rural healthcare workforce that can

perform state-of-the art screening and management of CVD. Although contextually different,

the concept of using telemedicine as a tool for capacity enhancement has been suggested as

a key factor for motivating and retaining health workers in different low-resource settings

(such as in Mali [35]).

1.5 Overview of thesis

Chapter 1 gives an introduction to the burden of cardiovascular disease with special emphasis

on the Indian context. Brief background to the Indian primary care system, the role of

ASHAs and rural PHC physicians and their capabilities for chronic disease management

is also presented. The rationale for an mHealth approach and the utility of a CDSS for

large-scale screening and management of CVD in India are outlined. Relevant studies from

the literature are discussed.
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Figure 1.2 Block diagram describing the overview of this thesis. The central research
question (top box, shaded in purple) is addressed through two major areas of work. The
first area is centred around creation and iterative field evaluation of a mobile-based CDSS
which has the elements of design, development, and data analyses. This is illustrated
through the 3 boxes in orange that represents the pilot study (Np=292), baseline study
(Nb=62254), and patients from a subgroup of the first phase of a randomised controlled
trial (Nrct1=27346) respectively. The second area is the development of data-driven models
to improve algorithms for cardiovascular disease risk assessment for rural India. This is
illustrated through the 4 boxes in blue. C stands for ‘chapter’.
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Chapter 2 is a discussion of the design of an mHealth tool, SMARThealth in a resource-

limited setting for users with little or no ICT experience. Preliminary findings on the CVD

risk profile, user engagement and adoption from a pilot study of 11 ASHAs, 3 PHC physi-

cians and 292 participants across villages in Andhra Pradesh are presented.

Chapter 3 is a description of SMARThealth with minimal modifications in order to

perform large-scale data collection. The process behind data acquisition from all eligible

participants across households of 54 villages, constituting 62194 participants, is discussed.

Different CVD risk factors including the CVD risk distribution are presented. Multivariate

data is visualised, which revealed underlying patterns in the data structure as an exploratory

step in data analysis.

Chapter 4 is a description of risk prediction models for CVD, which form the core of the

mobile-based CDSS. A technical overview of the major existing risk prediction models in

the literature is presented. Datasets used in this thesis and an outline of improvements to

CVD risk prediction models proposed in the next few chapters are then discussed. A compar-

ison of the World Health Organisation/International Society for Hypertension (WHO/ISH)

risk prediction charts for WHO South East Asian Regions D (SEAR-D) with the existing

benchmark algorithm, the Framingham Risk Score is presented based on data from rural India.

Chapter 5 is the presentation of detailed analysis of the sole algorithm prescribed for CVD

risk assessment in India, namely the WHO/ISH CVD risk prediction charts for SEAR-D.

These charts were programmed into the mobile-based CDSS. The chapter begins with a

presentation of essential technical background on machine learning techniques. Subsequently,

the focus is shifted to two important contributions on risk prediction using the WHO/ISH

charts in India: (1) Evaluation of the clinical implications of using the WHO/ISH charts
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on a rural Indian population (analysis performed on a 1066 patient database with recorded

cholesterol measurements from Andhra Pradesh); and (2) Development of a patient-specific

point-of-care algorithm to determine the benefit of a total cholesterol test during risk assess-

ment using WHO/ISH charts.

Chapter 6 is an investigation of a machine learning approach towards CVD risk prediction.

Feature selection is performed to investigate highly predictive features on benchmark data

from the Framingham study, which has recorded outcomes. An approach to recalibrating the

obtained prediction model for rural India is discussed.

Chapter 7 is a discussion of an alternative approach to identification of high-risk patients

through unsupervised learning. Clustering is performed with two large databases from India

(Nb=62194; without outcomes) and the USA (Nf =3040; with outcomes), and the performance

is evaluated.

Chapter 8 is a presentation of a randomised controlled trial design for evaluation of the

effectiveness and clinical impact of the CDSS tool, SMARThealth. This is amongst the largest

mHealth studies conducted in lower and middle income countries to-date. The production-

ready CDSS for the RCT is presented, along with customisation of an open-source medical

record system for use in rural India. Intermediate results from the first phase of the RCT are

analysed and preliminary findings on the change in blood pressure levels on those patients

receiving the intervention, is presented.

Chapter 9 is a summary of the work presented in this thesis. An overview of future work

is also discussed.



Chapter 2

Building a mobile-based clinical decision

support system

2.1 Introduction

A recent review on mHealth for LMICs has concluded that despite the potential of a variety of

applications in non-communicable disease care, mHealth is currently dominated by behaviour

change interventions (e.g. smoking cessation) [36]. In this chapter, the design and pilot

testing of a multifaceted healthcare worker intervention utilising an mHealth platform are

presented. The platform comprises a clinical decision support system called SMARThealth,

for CVD risk assessment and management in rural India.

For this pilot study, data on CVD and associated risk factors were collected from villages

surrounding 3 primary health centres along the West Godhavari district in rural Andhra

Pradesh. This was achieved through an mHealth system comprising a client-side mobile

application and server-side electronic medical record system. The mobile application was

compartmentalised into four simple steps that enabled health workers to conveniently assess

rural participants for CVD risk and disseminate appropriate recommendations. Table 2.1
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describes the four-step process of data acquisition through the mobile application. Section 2.2

presents the process of building a CDSS. Implementation of the CDSS through the creation

of a mobile application suitable for rural India, is discussed in Section 2.3. Field evaluation

of this system was performed as detailed in Section 2.4. The outcomes recorded focused on a

preliminary evaluation of the SMARThealth tool for utility, effectiveness and acceptability by

the ASHAs and community participants in this setting in order to inform large-scale evalua-

tion. Results are presented in two parts: (1) Section 2.5 details the analyses of data collected

and discusses risk factors and CVD risk profile as determined from the studied population;

(2) Section 2.6 provides a quantitative evaluation of the mHealth platform based on analysis

of user interactions with the application. The lessons from the pilot study are then discussed

in the context of scaling up the platform for a large RCT in order to investigate clinical impact.

The work presented in this chapter aims to mitigate two major problems with current

mHealth solutions. Firstly, technology-driven global health solutions have conventionally

been imposed on low-resource settings, with little knowledge of the latter. To overcome

this, an iterative design process considering the background and involvement of the local

health workforce is presented, and usage patterns from the end-users are analysed to provide

detailed insight on workflow integration. Secondly, targeted mHealth solutions are ad-hoc

and usually lack interoperability. By utilising open-source solutions in the mHealth system

architecture, we aim to mitigate the second problem.

2.2 Components of the clinical decision support system

2.2.1 Computing 10-year absolute CVD risk

The WHO/ISH provide colour-coded charts [37] that predict the 10-year risk of fatal or

non-fatal cardiovascular event (myocardial infarction or stroke) in different epidemiological
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sub-regions of the world. The WHO/ISH charts for SEAR-D, which includes India, were

employed for risk prediction in our mobile CDSS. Depending on the availability of cholesterol

information, Low Information (LI) or High Information (HI) versions of the CVD risk charts

(illustrated in Section 4.2.5 of Chapter 4) can be used with the latter including total cholesterol

as a predictor. Detailed descriptions of the WHO/ISH charts are available in Chapter 5. The

colour-coded ranges in the WHO risk charts indicates five levels of CVD risk for different

values of risk factors [37]. Information necessary for risk estimation includes:

• Presence or absence of diabetes

• Gender

• Age

• Smoking status

• Systolic blood pressure (SBP)

• Total blood cholesterol (TC), if known.

2.2.2 Estimating sub-conditions for management

Subsequent to the computation of a 10-year CVD risk for a given set of risk factors, the

SMARThealth mobile application offered support for management of the participant’s risk

and further follow-ups. In order to arrive at appropriate recommendations, the tool calculated

sub-conditions (as listed in Table 2.2) that indicated high-risk conditions or the presence of

elevated glucose levels (impaired fasting glucose or IFG), high BMI (indicating obesity), or

hypertension.
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Table 2.2 Computation of essential sub-conditions based on patient’s assessment. This is
performed as a precursor to recommendations for CVD management; Terminology - BMI
stands for Body Mass Index and is the weight (in kg) divided by the height squared (in
metres)

Clinically Impaired Weight Hypertension
High Risk Fasting Glucose

SBP�160 mmHg Fasting blood sugar level Obesity if BMI�30 SBP�140
or DBP�100 mmHg between 110 mg/dL Overweight or DBP�90
or TC�320 mg/dL and 126 mg/dL if 25BMI<30 or history of

or LDL�240 mg/dL or history of diabetes hypertension
or TC/HDL>8

2.2.3 Management and treatment of CVD

After computation of the CVD risk score and sub-conditions for assessing high risk, the

SMARThealth CDSS was designed to offer point-of-care (POC) decision support to both

ASHAs and physicians for the management of CVD. This included three categories - gen-

eral recommendations, referral, and treatment recommendations, based on international

and national guidelines [38] [39]. General recommendations are intended for controlling

or modifying behavioural risk factors including smoking, alcohol consumption, physical

inactivity, and diet/nutrition. Except for the detailed advice on smoking cessation (which is

given only to smokers), other recommendations are displayed to all users. A referral indicates

the need for consulting a primary care physician, which is also the outcome for ‘next visit’

flags for absolute risk and diabetes screening. Treatment recommendations were available

only to physicians since ASHAs are not authorised to prescribe medication. The CDSS’s

output for different CVD risk profiles are summarised in Table 2.3.

2.2.4 Validating management guidelines for CVD

The prediction and management applications were stringently validated in two stages, as

described below.
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Table 2.3 Referral and medication recommendations for the three categories of CVD risk
considered in this work. Terminology - IFG stands for impaired fasting glucose

Risk category Referral Medication
CVD risk screening physician referral

High Risk �30% risk every 3-6 months Yes BP lowering therapy
or past CVD history Lipid lowering

Antiplatelets
Intermediate 20 to <30% risk every year Yes BP lowering therapy

Risk (if BP� 140/90)
Lipid lowering

(if Diabetes is present
or SBP�160 mmHg
or TC>200 mg/dL

or LDL>120 mg/dL)
10 to <20% risk every 2 years Yes if BP lowering therapy

(Diabetes or (if Diabetes is present
IFG is present) and BP�140/90

or SBP�160 mmHg)
or Lipid lowering

(history of diabetes (if Diabetes is present
and SBP�160 mmHg) or SBP�160 mmHg)

Low Risk 0 to <10% risk every 5 years Yes if BP lowering therapy
(Diabetes or (if Diabetes is present

IFG is present) and BP�140/90
or SBP�160 mmHg)

or Lipid lowering
(history of diabetes (if Diabetes is present

and SBP�160 mmHg) or SBP�160 mmHg)

Code validation

Each of the input and output variables programmed in the CDSS was tested initially using

a large de-identified dataset of 200 patients from the Andhra Pradesh Rural Health Initiative

(APHRI). The CVD risk prediction and management algorithm detailed in the previous

sections, was implemented by two physicians using the SPSS statistical package. The author

of this thesis, a biomedical engineer, coded the algorithm as an Android application in

Java. Both implementations were tested on a 1000-patient primary health care dataset with

cardiovascular disease risk factors. Over multiple iterations, coding errors were spotted

whenever outputs disagreed between the two implementations and adjustments were made

to the algorithm for robustness. Outputs were compared between the physician coded
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implementation and the non-physician coded implementation until a near-perfect correlation

with clinically insignificant errors was obtained.

Independent physician validation

De-identified data for 100 randomly selected individuals enrolled in the APHRI study was

assessed by a physician researcher not involved in the CDSS development. She assessed the

10-year CVD risk of each individual using the WHO/ISH risk charts and manually reviewed

the CVD management advice (BP-lowering, anti-platelets and lipid-lowering medications)

and targets for patients already on BP-lowering and Lipid-lowering drugs. Agreement was

assessed between the CDSS programmed as an Android application, and the independent

physician’s recommendations, and adjustments were made subsequently to the SMARThealth

tool’s management advice and referral sections based on the physician’s recommendation.

2.3 Android application development

2.3.1 Designing a mobile health application for rural India

An important factor in the success of any technology-based intervention depends on how

well it can fit within the needs of the users and the environment [40]. In our context of

managing CVD in resource-constrained settings, the challenge and opportunity was to design

an appropriate tool that could be easily used by minimally trained health workers (who

were the end-users) as well as fit the needs of local primary care physicians and community

participants.

Conventional methods of design and development rely on traditional “requirements en-

gineering” [41], where the emphasis is on preparing thorough documentation with clear

specifications prior to the development of a proposed solution. This is often the first phase in

the “waterfall” software development model which relies on a pre-planned sequential design
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procedure [42]. Another popular practice in software engineering is the agile development

methodology which emphasises iterative development with constant feedback from the stake-

holders, whereby requirements emerge along the process [43]. This has the advantage of

being able to evolve according to changes in a dynamic environment.

The requirements of our end-users compounded with the uncertainties in technical

infrastructure (such as the availability of uninterrupted 2G/3G internet connectivity) could

not be gauged thoroughly through a needs assessment. Therefore, the agile development

approach was followed in our study to design prototypes iteratively and elicit feedback from

the end-users at each step. However, our approach differed from conventional practice since

the end-users had little or no experience of using information and communication technology

and could not drive the design. To overcome this, firstly we employed a multidisciplinary

team comprising an engineer, a local physician, a sociologist, and an expert physician to

balance the system requirements (for designing features for an effective intervention by

understanding the local clinical practice for conveying recommendations for managing CVD

risk, or assessing the accuracy of ASHAs asking questions related to medical history) with

user requirements (for instance, observing if the ASHAs can compute the year of birth based

on age). Secondly, we performed phases of prototyping and user assessment (as illustrated in

Figure 2.1) whereby the multidisciplinary team evaluated the end-user interactions with the

mobile application through observations and post-procedure interviews.

2.3.2 Key features

Some of the key features that were incorporated through our agile approach included:

• One touch navigation

Since the end-user base had little or no experience, touch errors were common and

frequent. The mobile application’s design was such that ASHAs could navigate
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Figure 2.1 Phases of design and development following a user centred design approach,
where the aim was to bring out issues centred around the end-user’s interaction with a
prototype without placing any explicit demands on them. The process diagram shows
prototypes in the form of an alpha (a) and beta (b ) CDSS, each followed by a user centred
design phase. This led to the development of a tool for the pilot study, which upon further
improvement would be suitable for a randomised controlled trial.

through the majority of the content using a single button. Care was taken to ensure

idiosyncrasies of the mobile-based device that interfered with workflow were minimal.

For example, in certain cases the virtual keyboard was minimised subsequent to user

input.

• CVD risk projection meter

The application was developed with an embedded visual risk projection meter (as

shown in Figures 2.2a and 2.2b) to convey the meaning of CVD risk to the patient in

an understandable way. For example, Figure 2.2a illustrates the case of a 33-year old

smoker with diabetes. The participant has a blood pressure value of 160/89 mmHg,

total cholesterol of 176 mg/dL and his risk of developing CVD over a 10-year period is
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shown to be high. If the participant reduced his blood pressure alone by approximately

10 mmHg (as shown in Figure 2.2b), his 10-year risk of developing CVD is reduced

substantially from above 40% to between 20% and 30%. Thus the cause and effect of

each risk factor for a particular patient can be graphically explored in an interactive

manner. This is intended to help patients visualise the effect of controlling risk factors

and was designed to encourage adherence to medication and a change in behaviour

affecting modifiable risk factors, such as smoking.

(a) Present risk factor levels for the pa-
tient

(b) The projected 10-year risk if the pa-
tient reduces his blood pressure by ap-
proximately 10 mmHg

Figure 2.2 CVD Risk projection meter

• Event calendar/age entry

It was found that some of the participants did not know their date or even year of

birth accurately. This was due to factors such as date of birth being mandatory for
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registration only after the Indian Registration of Births and Deaths Act, 1969 [44].

Therefore, the mobile application was programmed with methods to increase the

accuracy of the estimated age; a vital parameter in the risk assessment algorithm. A

comprehensive list of well-known historical events (for example, Indian Independence

year, 1947) could be retrieved in order to help the patient decide how old they were

at that point in time. Also, for female patients, specific questions (mostly related to

maternal health) that had a high probability of narrowing down the exact age were

used. The list of ‘events’ is described in Appendix B.

• Information buttons

These buttons were embedded in the standard risk assessment procedure and intended

to disseminate essential information for a particular question the user wanted to know

more about. For instance, the button could be used to recap the protocol for blood

pressure measurement or retrieve a list of commonly used drugs to see if the patient

had a history of taking any of them.

• Review patient

The review patient feature offered the option to review existing patients who had been

screened previously by that user. This was especially motivated by the recommenda-

tions of a physician who intended to use a staff nurse to screen patients before they

had an appointment with him. Using the Review Patient feature, the physician could

assess and review the participant’s CVD risk in an efficient way, thereby promoting

greater ease of adoption of the tool in the primary care setting.

• Accuracy of data entry

To ensure correctness of data entry and avoid transcription errors, automated on-screen

checks were performed at the end of each step that alerted the user if the entered

data was not clinically valid. Furthermore, a validated Blood Pressure (BP) device
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(Stabil-O-Graph [45]) was programmed to interface with the tablet via Bluetooth and

transmitted three BP measurements to the tablet. Blood glucose was measured using

the OneTouch Ultra2 glucometer which did not have the desirable Bluetooth function-

ality. This was because the recurring cost of test strips was prohibitively high for a

Bluetooth-enabled glucometer. All data entered in the CDSS could be corrected or

inputted manually prior to proceeding to the next step of the risk assessment procedure.

2.4 Field testing

The mobile based CDSS was field tested by 11 ASHAs who performed door-to-door screen-

ing of community participants in 3 villages in rural Andhra Pradesh, India. Each ASHA

was designated to screen approximately 20 participants in one month for high risk and a

convenience sampling method was followed, whereby participants could be selected based

on their accessibility and proximity to the ASHAs. The ASHAs were trained for one week

to use the CDSS and tablet. The data from each participant screened by the ASHA were

uploaded to a secure server hosting an electronic medical record system (OpenMRS [46]

[47]). Decision support on treatment was available to physicians, who used the CDSS as a

standalone system to screen and manage patients visiting their clinic. The entire mHealth

infrastructure was designed to be interoperable and leveraged the Sana Mobile platform, an

open-source telemedicine framework [48] [49].

The CDSS was built as a mobile application for devices running Android 4.0 and above,

and supported both Telugu (local language) and English. The application was optimised to

run on a higher-end version of a low-cost tablet (£100) for use by ASHAs, and a Samsung

Galaxy 7-inch tablet (£160) to be used by physicians. Low-cost tablets were preferred for

two reasons. The first was to assess if they could perform adequately in our setting and
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inform the cost-effectiveness of the intervention. The second reason was the high healthcare-

worker:doctor ratio in resource-constrained regions which required cost-effective tablets

(since they can be replaced more easily if damaged or stolen).

A four point Likert scale [50] was used to evaluate usability at the end of every risk as-

sessment performed by the ASHAs. To understand user behaviour and pattern of interaction

with the mobile application, an analytics framework was built within the tool. It recorded

the data and timestamp for every click made by the ASHAs as they performed CVD risk

assessments. For ease of comparability of usage patterns and to highlight diversity in trends

amongst different end-users, three distinct ASHAs were chosen based on the total number of

assessments they performed and the years of experience they had in performing their role.

Each of the chosen three ASHAs was identified through interviews as being primarily a

Telugu speaker, and claimed to be able to read and write English at secondary school level.

The variability in end-user usage was analysed in this study to gauge the performance

of ASHAs. This was performed in order to identify the stage at which additional support

or training was needed, if at all necessary. Data from the three ASHAs, representing all

the ASHA’s performance, were analysed individually to obtain an estimate of their mean

procedure time over the course of the pilot study. Bootstrapping was performed considering

all samples available up until and including that procedure. This was performed to mitigate

bias towards uneven sampling. For example, if we are to estimate the mean completion time

and confidence interval (CI) for an ASHA who has performed 10 risk assessments, her proce-

dure times until and on the 10th procedure would be taken as our sample for bootstrapping.

The 95% CI for the mean was subsequently estimated and plotted individually for the three

ASHAs. This is useful to understand how variable the ASHA’s own procedure times can be

and with sufficient samples (of risk assessment procedures), we can reliably estimate how

long an ASHA can take and how much training is needed until she is proficient at using the
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CDSS (which can be shown by a narrow confidence interval).

The ASHAs manually entered the glucose values into the tablet, a process susceptible

to errors. However, to assess the extent of errors, the blood glucose values stored in the

glucometers were downloaded and compared with the values entered by the ASHA in the

tablet during risk assessment. Care was taken to ensure that the glucose readings being

compared were taken at the same time. This was performed by comparing the timestamps

from the analytics framework in the CDSS and those from the glucometer’s memory.

In-depth qualitative interviews with the ASHAs and focus group discussions were also

undertaken to identify barriers to the adoption of mobile technology. These are detailed in an

article written by this author [51] (see Appendix C).

Ethics The study was approved by the ethics committee of the Centre for Chronic Disease

and Control, India and the University of Sydney, Australia. Informed, written consent was

obtained from all participants contributing data in the study.

2.5 Results - Risk factors and CVD risk profile

A total of 227 participants (mean age of 51.4 ±13.1 years) were screened by 11 ASHAs,

while 3 PHC physicians independently used the mobile clinical decision support tool to

screen 65 in-patients (mean age of 55.3 ± 11.7 years) who visited their clinic (total N=292).

Tables 2.4 and 2.5 summarise the data collected in the field. Statistical significance

testing was performed using the two-sample, two-sided t-test for continuous variables and
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the Wilcoxon signed-rank test for discrete variables.

Table 2.4 Baseline characteristics of all screened participants (N=292). Statistically sig-
nificant differences due to gender are italicised. All characteristics except blood pressure
were significantly different. Abbreviations- BP indicates blood pressure; BMI stands for
Body-Mass Index

Feature Male Female P value
N 39.7% (116) 60.3% (176)

Age, mean±sd, (years) 55.4±13.9 50.2±11.8 <0.001
Current Smoker,%(n) 34.5% (40) 5.1% (9) <0.001

Systolic BP, mean±sd, (mmHg) 129.4±18.5 129.1±22.8 0.90
Diastolic BP, mean±sd, (mmHg) 82.1±11.4 79.3±12.2 0.052

BMI, mean±sd, (kg/m2) 23.4±4.0 24.7±5.0 0.026
Elevated Blood glucose, %(n) 37.1% (43) 25.6% (45) 0.036

Table 2.5 Medical history of participants screened using the CDSS. Differences on account of
gender that were statistically significant (p<0.05) are italicised. Smoker indicates the person
is either a current smoker or quit smoking within the last 12 months.

Parameter Male Female
(Nm=116) (Nf =176)

n (%) n (%)

Past history- Heart attack/angina 13 (11) 30 (17)
Past history- Diabetes 26 (22) 18 (10)
Past history- Stroke 3 (2) 1 (1)

Past history- Peripheral vascular disease 6 (5) 17 (10)
Family history- CVD 8 (7) 16 (9)

Family history- Diabetes 19 (16) 19 (11)
Medication history- BP 32 (27) 41 (23)

Medication history- Lipid lowering 3 (2) 0 (0)
Medication history- Anti-platelets 5 (4) 3 (2)

Figure 2.3 illustrates the pairwise correlation for risk factors mentioned in Table 2.4.

Only systolic and diastolic blood pressure showed substantial correlation (0.74).

The risk profiles of all participants were analysed using the low information WHO/ISH

LI charts. Figure 2.4 shows the distribution of a 10-year risk of developing CVD for the
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Figure 2.3 A matrix of scatter plots showing pairwise correlation amongst the risk factors
obtained from 292 participants in the pilot study. The leading diagonal illustrates a histogram
of the risk factor. The systolic and diastolic blood pressures show high correlation (0.74) as
expected. Age and BMI have no relationship (marginally negative value of -0.08) for the
pilot participants.

participants for the study participants. A majority of participants were either at low risk

(<10%) or high risk (due to a previous incidence of CVD, or had a clinically high condition as

previously defined in Table 2.2, or both). Physicians who used the CDSS to screen in-patients

prescribed recommendations and medication for lowering CVD risk. However, for those

who were already on BP medication, it is worthwhile noting that female patients did not

meet their SBP and DBP targets in comparison to male patients (as illustrated in Figure 2.5).

This could be due to a variety of reasons including greater mobility of male patients and

hence ability to receive continual medication from the PHC, physiological differences and

efficacy of the given class of BP medication, or compliance. This demonstrates the necessity

for a large-scale intervention with longitudinal and frequent BP measurements, in addition to

medication compliance data and other system-related confounders, if the assessment of those

reaching BP target levels is to be robust.
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Figure 2.4 Distribution of CVD risk scores in the pilot population (N=292). CHR denotes
clinically high-risk. 34% of screened participants had a CVD risk score greater than 30% or
had CHR or CVD or both.

2.6 Results - Mobile analytics for gauging user behaviour

and interactions

Although physicians used the mobile application, results presented in this thesis focus mainly

on usage by the ASHAs. The 11 ASHAs in this study had a mean age of 31.5 ± 5.1 years

and mean time of 4.6 ± 2.2 years as an ASHA. The three ASHAs chosen for detailed usage

analysis, had a mean age of 29 ± 2 years and had the experience of using a mobile phone prior

to the commencement of this study. The three ASHAs will be referred to as npB1, npM1, and

npL1 and they had 3, 7, and 4 years of experience in working as an ASHA and performed

28 (highest number in this study), 20 (median number of assessments in this study), and 16

(lowest number of assessments amongst ASHAs in our study) risk assessments respectively.

2.6.1 System efficiency

The overall time taken for screening the community participant’s CVD risk over the duration

of the study is shown in Figure 2.6. The median time for all ASHAs was 21:10 (read in terms
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Figure 2.5 Medication and BP targets as calculated by the CDSS for in-patients screened
by the physician (Nphy=65). SBP and DBP targets were met by a greater proportion of male
patients than female patients.

of minutes:seconds) with an Inter-quartile Range (IQR) of 14:08 (minutes:seconds). ASHAs

npB1, npM1, and npL1 took 27:28 (IQR 14:05), 24:20 (IQR 12:12), and 33:53 (IQR 32:41)

respectively. A decreasing trend in completion time as users performed more procedures is

observed.

The distribution of time taken for each step of the CVD risk assessment for all ASHAs is

shown in Figure 2.7. Step 3 (risk factor acquisition) took the longest during data collection

and its extensive spread observed from the distribution shows a large variation (IQR 11:22)

between ASHAs in completing that step.

The number of times the ASHA chose Bluetooth transmission over manual transmission

(or the Bluetooth BP device usage rate) was analysed and is shown in Figure 2.8. Only

one transmission from the BP device was needed for three BP measurements in each CVD

risk assessment procedure. From Figure 2.8, ASHA npB1 had a usage rate of 61% (17/28

procedures) with mean BP acquisition time of 05:20 (standard deviation or s = 03:36) while
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Figure 2.6 Graph illustrating the total CVD risk assessment procedure time over the number
of procedures performed by the ASHAs. The median time for completion of a risk assess-
ment was 21:10 (read as minutes:seconds). The median time for all ASHAs was taken at
every procedure and the resulting trend suggests a decrease in total procedure time as more
CVD procedures were performed. The first procedure has a lower median time and this may
be because it was performed immediately after the training phase for the ASHAs.

npM1 had a usage rate of 50% (10/28) with mean BP acquisition time of 07:06 (s = 02:36).

ASHA npL1 had a usage rate of 37% (6/16) with mean BP acquisition time of 08:24 (s =

02:56). The ASHA who used Bluetooth the most (npB1) for transferring BP readings had the

lowest mean BP acquisition time. However, the ASHA with most experience (npM1) showed

more consistency when acquiring BP.

Before the 10th procedure, Bluetooth usage rate was 40% for npB1, 50% for npM1, and

10% for npL1 while after the 10th procedure (midway between their ‘assigned’ target of 20
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Figure 2.7 Assessment of individual step times, broken down as Step 1- Demographics with
median time of 02:37 (IQR 02:16), Step 2- Medical History with median time of 01:08 (IQR
01:35), Step 3 - Risk factor acquisition with median time of 10:33 (IQR 11:22), and Step 4 -
Decision support 01:30 (IQR 01:53).

procedures as previously described in Section 2.4), the usage rates were 65%, 44%, and 80%

respectively.

2.6.2 User variability

From Figure 2.9, we observe that npM1 is consistent in her mean time to perform an

assessment and has the most narrow CI [21:01, 28:27]. npL1 has the widest CI [31:58, 57:58]

for the estimated mean procedure time towards the end of the study. The three ASHAs show

less variability in procedure time over the course of the pilot study (when they complete

more risk assessments).

In the initial stages of the pilot study (for instance, at the end of 5 procedures completed

by each ASHA), the bootstrapped estimate of the mean procedure times for all ASHAs are

high with wide CIs. ASHA npL1 has the largest estimate with mean time 53:02, 95% CI
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Figure 2.8 Plot of BP acquisition times over procedures performed on the course of our pilot
study. Acquisition times at 0 indicate Bluetooth transmission was not attempted. Overall
Bluetooth BP device usage rate was 55% and overall median acquisition time was 06:50
(IQR of 02:33). Four out of 219 procedures were not considered as the risk assessments
were performed non-sequentially by the ASHAs.

[32:36, 01:24:35]. ASHAs npM1 and npB1 have comparable estimate of mean times but the

latter has a much wider 95% CI (npM1 - mean time 30:33, 95% CI [26:30, 32:45]; ASHA

npB1 - mean time 35:45, 95% CI [20:00, 63:28]).

At the end of 10 procedures (or approximately mid-way through the assigned target

of 20 assessments for the ASHAs), the estimated mean time and CI continues to decrease

(npL1 – mean time 43:31, 95% CI [31:05, 01:04:19]; npM1 – mean time 26:28, 95% CI

[21:50,30:29]; npB1 – mean time 35:18, 95% CI [24:34, 55:45]).

When 15 procedures have been completed by the ASHAs, the estimated mean stabilizes

while CI continues to become narrower (npL1 – mean time 41:05, 95% CI [30:56, 56:24];
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Figure 2.9 Estimate of the mean procedure times with 95% confidence intervals for ASHAs
npB1, npM1, and npL1 over successive procedures performed (for the duration of the pilot
study). ASHA npM1 has the narrowest CI and least estimated mean procedure time while
npL1 has the widest CI and highest estimated mean procedure time at the end of the study.
The estimate of 95% CI and mean procedure time was obtained using a bootstrapped sample
that included risk assessments performed up until and including that time period in the
study. This was performed to account for uneven sampling bias (for example, at the 5th

procedure, procedures 1 to 5 were taken as samples and bootstrapped). After ASHA npL1’s
13th procedure, her estimated mean procedure time increases which suggests that she took
much longer to complete the last two risk assessment procedures.

npM1 – mean time 26:18, 95% CI [22:34,30:22]; npB1 – mean time 34:43, 95% CI [25:07,

52:08]).

At the end of the pilot study, npL1 has an estimated mean time 42:15 with 95% CI [31:58,

57:58] that is compared to the last milestone (15 procedures) and there has not been an

appreciable increase in the number of procedures the ASHA had performed. npM1, having

completed 5 more procedures since the last milestone, finishes with a slightly lower estimated

mean procedure time 24:42 with narrower 95% CI [21:01, 28:27]. npB1 had finished 13
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procedures more than at the time of previous milestone and ends with a lower estimated

mean time 31:21 with 95%CI [25:27, 41:32].

2.6.3 Errors in manual entry of blood glucose measurements

Out of 227 patients assessed, 14 patients had an erroneous value of glucose level entered. The

median error was 9.55 mg/dL with IQR 35.75 mg/dL (0.53 mmol/L with IQR 1.99 mmol/L).

Usefulness of point-of-care management recommendations for ASHAs Table 2.6 quan-

tifies the extent to which the built-in management guidelines for CVD were used by the

ASHAs through the number of clicks recorded in each management section (outlined previ-

ously in Table 2.1) for all procedures completed.

Table 2.6 Statistics for how often the management recommendations in the CDSS were
actually used by the ASHAs. The usage of the risk projection meter was much lower in
comparison to the other sections for the three ASHAs. Also only 81% participants screened
by ASHA npL1 were told about their next visit for follow-ups while in contrast, ASHA npB1
disseminated the information to 93% of her participants.

ASHA Risk projection meter Recommendations Next visit
to communicate CVD risk (lifestyle, (physician referral,

association between smoking, CVD risk/diabetes
risk factors nutrition) screening)

npB1 79% (22/28) 96% (27/28) 93% (26/28)
npM1 75% (15/20) 85% (17/20) 90% (18/20)
npL1 81% (13/16) 81% (13/16) 81% (13/16)

2.6.4 CVD referrals

An important component of the mobile-based CDSS is the referral indication (as mentioned

in Section 2.2.3). Figure 2.10 shows the major reasons for referral. Out of 227 participants

screened by the ASHAs, the CDSS identified 57% (n=128) for referral to a physician either

for high CVD risk (n=88) or IFG (n=40). When participants were followed up a month after
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they had been referred, it was found that out of the 57% who were referred, only 30% of

them visited a physician. Amongst those who visited the physician, 57% went to a PHC

while 43% saw private physicians.

Figure 2.10 Rationale behind physician referrals formulated by the CDSS for ASHAs
(Nasha=227)

2.6.5 Usability

The end-users of the application were asked to complete a questionnaire at the end of every

risk assessment procedure. In over 72% of the screening procedures performed, the mobile

application was found easy to use for that particular procedure. Users concurred similarly on

the usefulness of the graphic bar that visualised risk scores in communicating the meaning of

absolute CVD risk reduction to the community participants. No user gave the application

a rating below 3 on a scale of 4, with 4 being most useful and 1 being least useful. In less

than 2% of the procedures performed, the ASHAs recorded difficulties with collection of

risk factors (such as blood pressure, height and weight, blood glucose).
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2.7 Discussion

The CDSS was designed and developed using the agile development methodology with the

close engagement of the ASHAs and physicians. The process was iterated until ease-of-use

was confirmed by the end-users and this iteration became the final version of the CDSS. A

number of key features were added through this process. The use and integration of open-

source telemedicine platforms such as OpenMRS and SanaMobile were intended to increase

interoperability. This is important because in the area of mHealth application development,

there exist silos of numerous non-interoperable mHealth applications, increasing the risk of

duplication in effort and fragmentation of purpose. The risk profiles of screened participants

in the three villages in Andhra Pradesh had a bimodal risk distribution, where the participants

were mostly either low risk or high risk. The number of participants at high risk of CVD was

almost one third of the screened sample. A decrease in median completion time was observed

as more procedures were performed. This indicated the ASHAs increased familiarity with

the process and generates evidence for variability in usage. The median procedure time for

ASHAs was 21 minutes for a complete CVD risk assessment with Step-3 (risk factor acqui-

sition) taking the maximum time (over 10 minutes although with large variations between

ASHAs). Acquisition of three BP measurements, on its own, took approximately 7 minutes.

This could be useful to assess the maximum number of community participants that can be

screened by an ASHA given her usual commitments to antenatal care.

It is interesting to compare the usage patterns of the three ASHAs (npB1, npM1, and

npL1) from the four parameters that we have analysed - total number of risk assessments,

median completion time and 95% CI, use of Bluetooth functionality, and rate of dissemi-

nating management recommendations to participants. npB1 may be classified as one of the

better performing ASHAs in the pilot study as, firstly, she performed the highest number of
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risk assessments amongst all ASHAs. Secondly, she had the highest usage rate of Bluetooth

functionality and lowest mean BP acquisition time. Thirdly, she had the highest rate of

disseminating management recommendations although her mean procedure time and 95%

CI was fairly average compared to other ASHAs. npM1 showed more consistency than any

other ASHA in all aspects of her performance. The number of assessments she completed

was exactly the same as the approximate target of 20 procedures prescribed for all ASHAs

at the start of the pilot. With regard to the automated Bluetooth feature, the usage rate

was almost the same before the ASHA’s 10th procedure (50% usage rate) and after her 10th

procedure (44% usage rate). With the lowest estimated mean time and smallest 95% CI

as well as an approximately average rate of disseminating management recommendations,

ASHA npM1 was the most consistent performer. npL1 performed the fewest assessments, had

the highest estimated mean time with a wide 95% CI, low dissemination rate of management

recommendations, and the lowest usage rate of the automated Bluetooth feature. However,

with regard to Bluetooth usage, we observe that even though only a single attempt (or 10%)

was made before her 10th procedure, her usage rate increased to 80% thereafter. Though

this may indicate a longer learning curve, ASHA npL1 may be identified as one that would

need additional attention or performance monitoring. By recording user interactions with

the mobile application, we could thus gauge the end-user’s behaviour and effectiveness

of the tool’s features such as the rate of dissemination of point-of-care CVD management

recommendations.

The introduction of automated Bluetooth BP measurements in this study found low adop-

tion initially. However, we observed that towards the end of the study, the ASHAs recognised

the ease of use and utility of this feature, as was observed through qualitative interviews

(not reported in this chapter). ASHAs also recorded difficulties with operation of the BP

monitor. Given the current overall adoption rate of 55%, a less sophisticated BP monitor with
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faster acquisition time may increase adoption and optimise the time taken for Step 3. The

errors reported from manual data entry during blood glucose measurement demonstrate that

transcription and transposition errors were likely and the erroneous values had a wide range.

With regard to POC decision support, communication through the risk meter found the lowest

adoption (Table 2.6) and this is possibly due to difficulties in the ASHAs understanding

of the risk projection feature. The overall trends in user interactions were derived from

our analytics framework in the CDSS. This was beneficial to envisage learnability [52], an

indicator of how easily the ASHAs performed tasks as well as efficiency [53], an analysis

of the ASHAs ability to swiftly perform the task they learnt. The understanding of these

parameters can aid in better design (for example, by evaluating features widely used versus

those unused or difficult to use) and unravel user performance over time so that adequate

support can be provided to those ASHAs requiring technical assistance (for instance if the

ASHA’s efficiency declines, as her estimate of mean procedure time increases successively).

By involving the end-users iteratively as well as acquiring information through data

analytics, we minimise social desirability bias [54][55], an important issue in acceptance

testing in global health. Another key aspect of our study is the design thinking process that

has cohesively involved the local community participants and end-users, and therefore differs

from global health projects which ‘push’ solutions onto the community. The in-depth design

strategies resulted in a tool that could be conveniently integrated within the workflow of

the ASHAs, as reflected by recorded consensus on ease-of-use, usefulness, and in increased

speed of assessments over time.

A major limitation in this pilot study was the limited sample size; however, this was

not designed to be representative. Our study also did not conduct follow-up of individual

participants through referral pathways and hence was not designed to assess longitudinal
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impact. Infrastructural barriers observed in our pilot study included power constraints as

power supply was limited to fixed times of the day, and so the low-cost tablets had to be

charged frequently.

2.8 Conclusion

This chapter has described the development an evidence-based CVD risk prediction and

management tool suitable for rural India, designed with proper engagement of the end-users,

health care providers, and local communities. Field evaluation established the platform to

be feasible and widely accepted by all stakeholders involved. A quantitative exploration of

successful user engagement could be gauged through our analytics platform via detailed

usage patterns. With over a third of screened participants being high risk, and gender-specific

differences in managing the level of risk factors such as BP, there is a need to demonstrate

longitudinal impact of the mHealth platform so that it could contribute to improved CVD

detection in high-risk low-resource settings. In the next chapter, the CDSS tool will be

utilised to collect large-scale risk factor data from 54 villages in Andhra Pradesh as a prelude

to RCT evaluation.



Chapter 3

SMARThealth baseline study:

large-scale data collection using an

mHealth system

3.1 Introduction

The last chapter presented the design and development of the SMARThealth CDSS for CVD

risk assessment and management. A pilot test with 292 participants from rural Andhra

Pradesh demonstrated preliminary feasibility and acceptability. The advantage of having

an electronic CDSS in comparison to paper-based systems is the ability to scale-up, which

is essential in countries with a large population such as India. A previous study from the

clinical collaborators in the SMARThealth-India programme, the George Institute for Global

Health, collected mortality data from the Godavari district between 2003 and 2004 [56].

The authors, Joshi et al. [56] , confirmed that CVD was the leading cause of mortality, and

showed that it was responsible for at least 32% of all deaths. The mortality registries of 53

villages that the authors studied revealed half of all CVD related deaths were of people below
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70 years of age.

The focus of this chapter is on the acquisition of large-scale data on CVD risk factors

using SMARThealth. We present a mobile-based data collection and screening of participants

across 54 villages that were broadly representative of the West Godhavari district, Andhra

Pradesh (region highlighted in Figure 3.1). This study was performed to record baseline

risk factors in the population (and hence is called the ‘baseline study’) as a precursor to a

Randomised Controlled Trial (RCT) that aims to evaluate the effectiveness of our mHealth

CDSS.

Figure 3.1 Site of baseline data collection in rural India.
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3.2 Methods

3.2.1 Data collection process

Fifty-four villages around the major town in West Godhavari (WG) district, Bhimavaram,

that were broadly representative of the region were identified. Selection of villages was per-

formed by the George Institute of Global Health, which has an established history of working

with health providers and non-governmental organisations in the WG district. The major

selection criterion for villages. however, was that the nearby Primary Health Centre (PHC)

had to have at least one physician offering regular services. This baseline data collection

was conducted between February and May 2014. Based on the 2011 government census

list on the WG district of Andhra Pradesh, the inhabitants residing in each household of

the 54 villages were identified. Subsequently, trained interviewers performed paper-based

verification of the census list (hence called ‘listing data’). Specifically, residents from all

households were interviewed to reconfirm age, gender, and number of family members from

the listing data, and incorrect entries were modified. Focus was given to residents between

35 and 42 years of age, who confirmed the correctness of their data so that the risk of missing

eligible participants was minimised. This was necessary as eligibility for the baseline study

required that participants were aged 40 years or above. This process constituted Phase 1 of

data collection.

Phase 2 utilised the SMARThealth mobile application that was used for pilot data col-

lection as described in Chapter 2, with minimal modifications. The technical details of the

modifications in each step of data collection are presented in the next Section 3.2.2. The

listing data from Phase 1 was packaged into the SMARThealth application in a distributed

form (the listing data specific to the location or village only was loaded into the tablet used

in that location/village). This enabled trained interviewers to perform localised door-to-door
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data collection as well as assess risk since they had accurate guidance on eligible participants

in each household. The entire data collection process is summarised in Table 3.1.

3.2.2 mHealth infrastructure

In phase 2, trained interviewers were given a Samsung Galaxy 3 tablet with the SMARThealth

application. Although the application used the pilot version, minimal modifications were

performed to enable the recording of additional parameters once a participant was found

to be high risk, as well as to assist the monitoring of the data collection process. Figure

3.2 describes the various steps of the data collection using the SMARThealth application

on the Samsung tablet. The first 3 steps of data collection (including patient registra-

tion/demographics, medical history, and risk factor assessment) were largely the same as

for the pilot application. The only exception, in Step 1, was the inclusion of questions on

literacy status, marital status, and occupation. For Step 3, three blood pressure measurements

were acquired for each participant at 2-minute intervals with a sphygmomanometer (Model

UA-767PBT-C40, A&D Medical, Tokyo, Japan) that uses the oscillometric method. Care

was taken to ensure participants were rested for a minimum of 5 minutes prior to the three BP

measurements. Capillary blood was sampled using the finger-prick method for blood glucose

estimation using a point-of-care blood glucometer (Abbott FreeStyle Optium, Alameda,

California, USA). Participants were asked for when they had last eaten, and those who had

not consumed food for at least 6 hours prior to measurement were considered to be fasting.

As observed in the last chapter, Step 3 took the longest in terms of data acquisition.

Therefore to achieve a tradeoff between time for data collection and the requirement to be

more efficient to enable scale-up, certain parameters were collected only for those at high

CVD risk based on recommendations of the collaborating clinicians. Height and weight in
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particular, were collected for only high-risk participants. After Step 3, additional parameters

were collected if the participant was found to be at high risk. The additional input variables

are listed in Table 3.1.

Physical activity can be evaluated with different methods. However, in order to follow

a standardised procedure, physical activity was measured using the International Physical

Activity Questionnaire (IPAQ) [58]. Similarly, standardised measures of health-related qual-

ity of life and well-being were measured using EQ-5D [57] and the WHO well-being index

[59], respectively. The questionnaires (Physical activity, quality-of-life EQ-5D, WHO Well

being index) were translated into the local language Telugu, and back-translated to reduce

translation errors. Permissions were obtained from the EuroQol group to translate the EQ-5D

quality of life assessment in Telugu, as well as in the form of a mobile application.

A screenshot from EQ-5D is shown in the ‘Additional parameters’ screen in Figure 3.2.

High quality data was achieved through three mechanisms, all of which were tested in the

pilot study. Firstly, each input variable was checked for the data range. Secondly, completion

of all input variables was mandatory before the user could proceed to the next step. Thirdly,

a convenient mechanism to manually edit input variables at any step of the data collection

process was provided. For instance, the ‘Step 2’ screen in Figure 3.2 exemplifies data checks

for quality improvement.
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Figure 3.2 Data collection process on the mobile tablet with the SMARThealth application.
Screenshots from Steps 1-3 are illustrated. Participants who were at high risk of CVD had
additional data recorded, such as the EQ-5D (screenshot shown). Once data collection was
finished for the participant, their ‘Status’ was updated, which was then synchronised with
their information on the server. The participant name and data shown here are for illustrative
purposes only.

The salient features of the SMARThealth application are discussed below.

1. Participant and Household ID generation: An identifier (ID) for each participant

was generated after phase 1 of the data collection process. Sequential ID numbers were

given to each PHC, village, and household. Participant ID was designed to be eight

digits long, and was a concatenated numeric code of PHC ID (contributed 2 digits),
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village ID (contributed 2 digits), household ID (contributed 4 digits), and participant

number in household (contributed 2 digits).

2. Handling areas with weak internet coverage: Lessons from the pilot study presented

in the last chapter showed the lack of robust 3G networks in many regions of the West

Godhavari district. To handle weak or fluctuating signal strength, two fixes were

incorporated into the SMARThealth application:

(a) Data on the client-side tablet that failed to be transmitted to the server was queued

on a separate SQLite database. This queue was routinely cleared depending on

the speed and strength of the available connection. Connectivity was checked (a)

at specific intervals (07:00 hours, 12:00 hours, 21:00 hours) during the day and

(b) whenever new data was received or transmitted by the mobile-tablet. When

the signal strength was stable for over 30 seconds, the process of re-sending

queued data was initiated. We performed preliminary A/B testing, which in-

volved implementing the modifications (queueing and clearing) on one half of

all deployed Samsung tablets whilst maintaining a vanilla version (or status quo)

on the other half. This procedure revealed that the queueing and clearing mecha-

nisms substantially reduced data attrition rates.

(b) The 2G/EDGE network was used for all data transmission and retrieval. This

avoided automatic switching between 2G and 3G speeds on account of fluctuation.

3. Increasing coverage of data collection: In the process of collecting data from villages,

we observed instances where information previously registered from Phase 1 was

incorrect or changed with time, and scenarios where data collection could not be fully

completed for a participant. To mitigate these issues and streamline the process, two
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levels of additional detail were captured. These included the Household Disposition

Code (HDC) and Respondent Disposition Code (RDC).

(a) Household Disposition Code (HDC): If information on a previously registered

household changed, the interviewers could include additional information. Four

scenarios were provided:

• If the household has moved away permanently from the village and new

people are living in that house instead! [option to enter details of eligible

individuals in the new household]

• If the listing has one household but two families are currently residing!

[option to enter details of eligible individuals in both households, if not

listed]

• New household! [option to enter details of eligible individuals in the new

household]

• Household refuses to participate! [remove household from study]

(b) Respondent Disposition Code (RDC): If an eligible participant was unable to

be screened and/or if data could not be collected in full, the follow scenarios were

provided to the interviewer:

• Respondent moved away permanently! [name is greyed out and data is

removed]

• Respondent not at home during the visit! [option to click on this respondent

on next visit]

• Respondent refuses to participate! [option to click on this respondent on

next visit]

• Interview not completed! [option to click on this respondent on next visit]
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• Incorrect entry of a respondent who is actually not eligible ! [name is

greyed out and data is removed]

• Respondent is dead! [name is greyed out and data is removed]

• Respondent is incapacitated! [name is greyed out and data is removed]

Both HDC and RDC were recorded prior to Step 1 of the data collection process

and provided useful meta-data that accurately captured the number of participants

covered in each household within every village. This highlights one of the many

advantages of using an electronic tool. It can capture granular information, which,

in our case, is key to maximising the coverage of data collection from the eligible

inhabitants in each village.

4. Server side electronic health record: Similar to the pilot study architecture in Chapter

2, version 1.9 of the Open Medical Record System (OpenMRS) [60] was installed to

create health records for all participants. Additionally, we created a web-application

that provided an interface with OpenMRS. By following a similar database schema,

our web-application was made interoperable and not built as a siloed system. A key

improvement of the mHealth system architecture was the synchronisation of data and

meta-data (including RDC and HDC) from every mobile tablet with OpenMRS. The

eight digit participant ID was stored as an ‘attribute’ [61] which allowed faster retrieval

of associated data and synchronisation. Our mHealth system thus achieved two key

features in the baseline study:

(a) Data monitoring: Every set of interviewers reported to a project manager who

monitored the progress of the data collection process. Most project managers

demonstrated familiarity and understanding of the popular spreadsheet application

Microsoft Excel. However, they were not comfortable running queries with

existing data monitoring modules that OpenMRS provided such as the Reporting
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module [62]. Furthermore, running multiple queries on OpenMRS 1.9 from

different end-users (project mangers in this case), resulted in server down time

which had to be solved by restarting the server. Therefore, our web-application

was vital in facilitating 4 key elements required to run a successful baseline study,

as described in Figure 3.3. This facilitated 4 key elements required to run a

successful baseline study:

i. Utilising existing workforce: convenient and easy-to-use interface for project

supervisors and managers to monitor field data collection; the web-application

offered an interface similar to Microsoft Excel which was highly familiar to

project supervisors.

ii. Enabling regular monitoring: The web-application provided a simple tool for

exporting data. It also included options for filtering using ad-hoc parameters

such as village and user ID.

iii. Interoperability: The web-application leveraged on the existing OpenMRS

database schema and can thus be extended for longitudinal evaluation.

iv. Visualisation: Graphic description that quantified the progress of the data

collection process.

(b) Identifying and planning re-visits: Each eligible participant whose data could

not be recorded on the first visit were revisited up to two times. This was achieved

by enabling the accurate identification of those participants or households missed

during the initial visit for each of the 54 villages.
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(a) Web application for monitoring and exporting data collected from 54 villages, 18 PHCs in Andhra
Pradesh. Names have been masked for de-identification. The last two columns on the right (‘Interview
Status’ and ‘Reason’) provided project managers with remote information on the response rate and
thereby improved the efficiency of the large-scale data collection process.

(b) Web application for visualising number of participants screened over the duration of the data
collection process. The number of participants assessed for CVD risk in the village ‘LVN Puram’ on
February 4th and 5th are marked. The line joining the points shows a visible decrease in the number
of screened participants thereby graphically depicting the efficiency of data collection per day (or
week/month as can be adjusted by the Pan function shown at the bottom of the image).
Figure 3.3 Server-side web application built as an extension to OpenMRS medical record
system.
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3.2.3 Clinical definitions

We defined a case of suspected diabetes according to the American Diabetes Association

2010 guidelines [63]. A person was suspected to be diabetic if his or her random capillary

glucose value was �200 mg/dL (11.1 mmol/L) or if their fasting plasma glucose was �126

mg/dL (7.0 mmol/L) or that person had previously been diagnosed with diabetes (but not

gestational diabetes) by a physician. The definition of hypertension or high blood pressure

was as specified by the Joint National Committee on Prevention, Detection, Evaluation, and

Treatment of High Blood Pressure (JNC7) guidelines [64]. The last two BP readings were

used to compute a mean BP measurement. Hypertension was defined to be: mean systolic

blood pressure (SBP) �140 mmHg and/or mean diastolic blood pressure (DBP) �90 mmHg,

or previous diagnosis of hypertension by a physician.

With respect to the use of tobacco, a ‘current smoker’ was a participant who had smoked

in the past month while a ‘current chewer’ would have chewed tobacco products in the last

month. Only current smokers are considered in this chapter due to ambiguity in quantifying

‘current chewers’.

We define CVD risk based on the WHO and Indian National Programme for for Preven-

tion and Control of Diabetes, Cardiovascular Diseases, and Stroke (NPCDCS) guidelines

[1]. Low risk was defined as a 10-year CVD risk less than 10%. Intermediate risk was

defined as a 10-year CVD risk of between 10 and <20% or 20 to <30% with SBP<140 mmHg.

High risk was defined as the presence of one or more of the following: Past history of CVD

(including myocardial infarction/stroke/peripheral vascular disease), 10-year CVD risk �

30%, or 10-year CVD risk of 20-29% and SBP>140 mmHg. Established CVD was based

on past history of myocardial infarction/stroke, peripheral vascular disease, or angina. A

clinically high risk condition was SBP � 160 mmHg or DBP � 100 mmHg.



52 SMARThealth baseline study: large-scale data collection using an mHealth system

3.2.4 Multivariate data visualisation

In this section, the aim is to graphically present a low-dimensional representation of the key

risk factors collected from the large number of participants in the West Godhavari district of

Andhra Pradesh in rural India. This visualisation is a first line of exploratory data analysis and

can help to discern any underlying patterns in the data structure. In public health, collecting

data from more individuals is usually favoured, given that it will increase representativeness

of the dataset for the target region. However, an associated challenge during analysis is the

visualisation of multi-dimensional data with large samples. A popular approach is dimen-

sionality reduction, where the objective is to preserve, as much as possible, the structure of

high dimensional data in a low dimensional space. Low dimensional embedding involves

condensing high dimensional distances between features into equivalent distances in two or

three dimensions.

A plethora of visualisation techniques exist, and reviews can be found in De Oliveira et

al. [65] and Heer et al. [66]. Classical Principal Component Analysis (PCA) [67] works well

when the data is linearly separable but may require modifications to deal with non-linear

manifolds in underlying data structure. For instance, in the case of a synthetic dataset that

resembles a ‘swiss-roll’, points which are nearby in Euclidean space may not be so close

when considering the entire manifold of the data structure [68].

Non-linear techniques for dimensionality reduction can be broadly categorised into

two types [69]: (a) techniques that aim to maintain global properties of data in the low-

dimensional space such as Multi-Dimensional Scaling [70]; (b) techniques that aim to

maintain the local properties of data in the low-dimensional space such as Local Linear

Embedding [71]. Although non-linear techniques have shown good performance on synthetic

datasets, they have not always outperformed linear techniques on natural datasets [69]. Van
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der Maaten [69] performed a comparative review of linear and non-linear dimensionality

reduction techniques, and reported two findings: (a) techniques aiming to preserve local

properties are largely limited by the dataset dimensionality and (b) the extent to which a

technique retains local and/or global properties is more important than the type of property

itself. Van der Maaten and Hinton [72] criticise other classical techniques including Sammon

mapping [73], Isomap [74], and Stochastic Neighbour Embedding [75] for their inadequate

retention of the local and global structures of the input data within a single map.

An unsupervised dimensionality reduction technique that is capable of handling large,

high-dimensional datasets and achieves low dimensional embedding is tSNE (t-Stochastic

Neighbour Embedding) [76]. tSNE builds on Stochastic Neighbour Embedding (SNE),

originally proposed by Hinton et al. [75]. In contrast to the traditional techniques mentioned

so far, tSNE captures both the global and local structure of high-dimensional data. Van der

Maaten [76] claimed two advantages of tSNE over PCA. Firstly, the linear nature of PCA

is a limitation as most medical data has non-linear dependencies. Secondly, PCA aims to

preserve large pairwise distances in the low dimensional space whilst not laying enough

emphasis on preserving local structure.

We first describe the methodology behind SNE and subsequently discuss tSNE along with

its advantages and variations. SNE transforms Euclidean distance between high-dimensional

data to conditional probabilities that represent similarity between data points. If we have a

high dimensional input space D = x1,x2...xN , where N is the number of data samples, the

similarity of a datapoint x j to xi can be given by the conditional probability p j|i. This can

be understood as follows: x j would be selected as a neighbour to xi if the probability of

selecting a neighbour was proportional to the width of a Gaussian kernel si centered around
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the datapoint xi. Naturally, nearby points would have high p j|i while farther points have

largely decreasing p j|i. We represent this mathematically as:

p j|i =
exp(�kxi� x jk2/2s

2
i )

Âk 6=i exp(�kxi� xkk2/2s

2
i )

(3.1)

Similarly, q j|i is the low dimensional counterpart of p j|i representing conditional proba-

bilities. SNE uses a Gaussian kernel to compute q j|i, similar to Equation 3.1 albeit with a

fixed variance of 1p
2
. The fixed variance allows for mathematical convenience (since 2s

2
i

becomes 1). Both pi|i and qi|i are set to 0 since only pairwise distances are of interest.

q j|i =
exp(�kyi� y jk2)

Âk 6=i exp(�kyi� ykk2)
(3.2)

We now have two conditional probabilities representing similarities across both the input

(or high dimensional) space and the low dimensional space. SNE is motivated by the premise

that if the similarity between two points xi and x j in the high dimensional space are correctly

modeled by two corresponding points in the low dimensional space yi and y j, then p j|i and

q j|i will be equal. This implies that minimising the mismatch between p j|i and q j|i can help

uncover the low dimensional representation. SNE uses the Kullback–Leibler (KL) divergence

which measures the difference in two distributions P and Q, and is denoted by DKL(PQ). The

sum of KL divergences over all data points represents the cost function (C) to be minimised

in order to obtain the low dimensional representation.

argminC = Â
i

DKL(PiQi) = Â
i

Â
j

p j|ilog(
p j|i
q j|i

) (3.3)

where Pi represents the conditional probability (or similarities) of data point xi with all other

data points. C can be minimised by gradient descent.
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The tSNE technique proposed by Van der Maaten [72] has two major differences with

respect to the SNE method described above. Firstly, ‘symmetric’ SNE is used, which means

that instead of minimising the sum of the KL divergences between the conditional proba-

bilities p j|i and q j|i, a single KL divergence minimisation is performed between the joint

probability distribution P in the high-dimensional space and the joint probability distribution

Q, in the low dimensional space. This implies that pi j = p ji and qi j = q ji. ‘Symmetric’

SNE provides a more convenient and faster computation of the gradient of C. Secondly,

tSNE utilises a Student t-distribution with one degree of freedom instead of a Gaussian

kernel because the heavy tail allows more space for modelling small pairwise distances in

the low-dimension [72]. This circumvents the ‘crowding problem’ observed in SNE, where

accurate low dimensional representation of nearby points is difficult since points farther away

have to be located at much greater distances. The crowding problem can also be observed in

other dimensionality reduction techniques such as Sammon mapping [72].

A key challenge in tSNE is performing arithmetic calculations using joint distributions

that raise the complexity to O(N2). This quadratically scales the computational demand

and is inefficient for datasets with more than a few thousand samples [77]. To overcome

this obstacle, a faster implementation of tSNE was proposed by Van der Maaten [77] that

implemented a variation of the Barnes-Hut algorithm for reducing computational complexity.

This stated two further modifications to the standard tSNE algorithm. The first modification

involves performing a sparse approximation to calculate similarities in the high-dimensional

space. The second modification requires the incorporation of interactions between a group of

points as opposed to pairs of points, and helps in deriving an approximation of the gradient

of C.
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In this thesis, the MATLAB implementation the Barnes-Hut variant of tSNE available

from van der Maaten [77] is used. This leads to faster performance with our dataset which

includes 54 villages with well over ten-thousand data points owing to reduced computational

complexity, (O(N log10 N) instead of O(N2)), and lesser memory requirements (O(N)).

In order to provide a more intuitive interpretation of the clusters formed by tSNE and to

serve as a basis for comparison of the underlying data structure, the Neuroscale visualisation

technique [78] was also used. Neuroscale utilises a Radial Basis Function (RBF) neural

network to map m feature vectors with N data points to a low-dimensional space. Consider

two points xi and x j in the high-dimensional space, and two corresponding points yi and y j in

the low-dimensional space, the RBF neural network works to minimise ÂN
i ÂN

j>i(d
⇤
i j�di j)2,

where d⇤i j and di j are the inter-point Euclidean distances in the high-dimensional space and

low-dimensional space, respectively. The application of an RBF kernel applies a non-linear

transformation, given by yi = f(xi;W) where W is a vector of the weights. The architecture

of the Neuroscale neural network is shown in Figure 3.4.

x1 

x2 

x3 

xm 

h1 

h2 

hH 

y1 

y2 

Figure 3.4 The Neuroscale visualisation technique that maps m input features given by
{x1,x2,x3, ...,xm} to hidden layer of H nodes. The hidden layer maps to a low-dimensional
space given by the output layer of 2 nodes (hence to a 2 dimensional representation).
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The neural network consists of three layers namely the input layer M, the hidden layer H,

and the output layer P. The weights W determine the mapping between the hidden layer and

the output layer, and therefore determine the location of points in the low-dimensional space.

The advantage of Neuroscale is that once the weights have been learnt, much larger datasets

(not included whilst training the neural network) can be projected.

The first 8 villages, comprising 10,000 participants free of previous incidence of cardio-

vascular diseases were visualised using the techniques described above, namely tSNE and

Neuroscale. Prior to visualisation, data was normalised using the z-score normalisation given

by

x⇤j =
x j�µ j

s j
(3.4)

where x⇤j is the normalised value of x j, µ j and s j are the mean and standard deviation for the

jth feature, respectively.

Performing visualisation with mixed data types (involving a combination of continuous,

binary, categorical, or ordinal variables) is not straightforward. In our dataset, after normali-

sation, binary variables (such as gender) often have higher densities at the extremes of the

range of the variable in comparison to the extremes of the range of continuous variables

(such as age). Therefore the computation of inter-point distances can be biased depending on

the type of the variable. For the task of visualisation in this chapter, however, continuous

variables namely age, SBP, DBP, glucose levels, recorded for participants across 54 villages

in Andhra Pradesh are used. The visualisation is performed separately for males and females,

smokers and non-smokers, as well as for participants were and were not currently undertak-

ing treatment for hypertension. The resultant data points on the low-dimensional space are

coloured with the WHO/ISH 10-year CVD risk bands.
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3.3 Results and discussion

3.3.1 Risk-factor prevalence in rural India

The mean distance of each village from Bhimaravam was 26.91±9.94 km. The average

population per village was 3936±1636 people, out of whom 1377±573 were eligible for the

baseline study. Overall, 74,402 inhabitants from the 54 villages were eligible to participate

in the study. Out of these 74,402 inhabitants, 10,332 (or 13.9%) could not be screened and

1816 (or 2.4%) did not consent to participate. Data collection was performed from 62,254

participants overall, equivalent to 1152±460 participants on average from each village. The

mean of the percentage of participants from whom data was collected out of the total eligible

and consenting participants in each village (or response rate) was 84.18±2.83%. The diabetes

status could not be ascertained owing to missing/corrupted data from 60 participants, and

these patients were excluded during data analysis.

The final dataset comprised 62194 participants from 54 villages. Table 3.2 summarises

the data collected using the SMARThealth CDSS tool. Our target population is middle aged,

with the majority (16320 or 56.0%) of men engaged in manual labour (aquaculture and

agriculture are major drivers of the economy in this region [79]) and the majority of women

(18441 or 55.7%) being home makers. Only a small fraction of the population (4.3%) was

educated at class 11 or beyond (equivalent to A-levels).
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Table 3.2 Population characteristics from the WG district, Andhra Pradesh (N=62194).
Statistical significance testing was performed to investigate gender-stratified differences for
key risk factors using the Wilcoxon signed-rank test. All risk factors showed statistically
significant difference except family history of myocardial infarction (MI) and suspected
diabetes.

Feature Male Female P value

Number of subjects % (n) 46.78 (29097) 53.22 (33097) <0.01

Age, mean±std, (years) 54.9±11.22 53.4±10.82 <0.01

Current Smoker,%(n), 41 (11929) 5.1 (1693) <0.01

Treated for hypertension,%(n), 16.13 (4692) 22.78 (7538) <0.01

Self-reported Hypertension,%(n), 19.3 (5607) 26.5 (8755) <0.01

Family history-MI,%(n), 6.34 (1846) 6.6 (2183) 0.203

Family history-Stroke,%(n), 8.3 (2420) 7.4 (2441) <0.01

SBP, mean±std, (mmHg) 123.9±20.82 127.75±23.22 <0.01

DBP, mean±std, (mmHg) 79.05±12.18 79.98±11.22 <0.01

Suspected Diabetes,%(n), 17.82 (5202) 18.42 (6104) 0.093

The level of smoking in males was eight times greater than in females. Similar differences

in smoking levels have been observed in previous studies. Jonas et al. [80] studied 4711

subjects aged 30 years and above in rural central India and found that 40.3% of males and

0.02% females were current or former smokers. Applying the criterion of hypertension as

defined in Section 3.2.3 indicates that 40.5% of the total population is hypertensive. However,

the percentage of participants who reported having treatment for hypertension was a mere

19.6% indicating the disparity between the numbers of those with the condition and those

under treatment.
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A study in rural Andhra Pradesh in 2009 found that over 80% of people with established

CVD did not have access to the cheapest treatments [56]. Challenges for a major public health

intervention lie not only in identifying high CVD risk and/or hypertensive participants but

also in ensuring treatment is available, besides improving awareness in the target population

about cardiovascular disease.

Figure 3.5 illustrates the CVD risk profile of screened participants in the WG district of

rural Andhra Pradesh by using the low information WHO/ISH CVD risk charts. If we apply

the criteria for high-risk individuals (previously defined in Section 3.2.3), we find that 9864

or 15.8% of the participants have a high risk of CVD. The risk profile is positively skewed,

with the majority of participants at low risk (40525 or 65.2%). A fifth of the participants

(11,806 or 19%) are in the intermediate risk bands (defined to be 10 to <20% or 20 to <30%

with SBP<140 mmHg).
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Figure 3.5 Gender-stratified risk profile of screened participants, calculated using the low
information WHO/ISH CVD risk charts. CVD risk was stratified as 6 bands in accordance
with WHO/ISH risk prediction charts: (1) less than 10%, (2) 10 to <20%, (3) 20 to <30%,
(4) 30 to <40%, (5) over 40%, and (6) established CVD and/or clinically high risk.

The two dimensional (2D) representation of the first 10,000 participants (8 villages) free

of baseline CVD from Andhra Pradesh are shown via the following plots: Figure 3.6a for

male participants and Figure 3.6b for female participants; Figure 3.7a for participants who

smoked and Figure 3.7b for those who did not smoke; and Figure 3.8a for participants being

treated for hypertension and Figure 3.8b for those not treated. The 2D representation in all

plots is labelled by the CVD risk band according to the LI WHO/ISH CVD risk prediction

charts.

On comparison of the two-dimensional representations of Neuroscale and tSNE, it may

be observed that both are effective in largely separating high CVD risk participants from
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(a) Plot representing male participants.
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(b) Plot representing female participants.
Figure 3.6 2D representation when data is split by gender.

low CVD risk participants. Neuroscale tends to produce a homogeneous cloud when split

by any of the 3 variables (Figures 3.6, 3.7, 3.8). tSNE, on the other hand, tends to group

points to form ‘islands’. Let us consider the example of male smokers (Figure 3.6a) where

both techniques place high CVD risk participants (coloured in red) to be on the right hand

side of the plot and low CVD risk participants (coloured in green) on the left hand side.

However, tSNE generates a margin of separation between the two risk bands. This tendency

to group and to produce ‘islands’ of points has been consistently observed in other problems

where tSNE has been applied [76]. From the visualisation, it is clear that the separation



3.3 Results and discussion 63

−100 −50 0 50 100
−80

−60

−40

−20

0

20

40

60

80

Dimension 1

D
im

en
si

on
 2

tSNE

 

 <10% CVD risk
10 to <20% CVD risk
20 to <30% CVD risk
with SBP<140mmHg
High CVD risk

−10 −5 0 5 10
−10

−8

−6

−4

−2

0

2

4

Dimension 1

D
im

en
si

on
 2

Neuroscale

 

 

(a) Participants who were smokers.
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(b) Participants who were non-smokers.
Figure 3.7 2D representation when data is partitioned by those participants who were
smokers and those that were non-smokers.

between high CVD risk and low CVD risk participants is distinct. This prompts the question

of whether unsupervised exploration can be used for identifying high CVD risk participants,

and this will be revisited in Chapter 7.

The difference observed in the low dimensional representation is markedly different when

split by gender (as exemplified by Figure 3.6) than when split according to treatment for
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(a) Participants on treatment for hypertension
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(b) Participants not on treatment for hypertension
Figure 3.8 2D representation when data is partitioned by those participants that were treated
for hypertension and those that that were not treated.

hypertension (as exemplified by Figure 3.8). This requires more exploration into whether the

gender influences the WHO/ISH charts more than other predictors, which will be explored in

the next chapter.
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3.4 Conclusion

In this chapter, we have acquired a large dataset of CVD risk factors from 54 villages in

rural Andhra Pradesh through the two phase data collection process. In particular, we have

presented the use of our SMARThealth mHealth CDSS to achieve the task with minimal

modifications to enable scale-up. The distribution of 10-year CVD risk was positively

skewed. Out of 62,194 participants, it was found that 9864 or 15.8% were at high risk of

CVD, 11,806 or 19.0% were at intermediate CVD risk, and 40,525 or 65.2% were at low

risk of CVD. The prevalence of key CVD risk factors in rural Andhra Pradesh was discussed.

In particular, the level of smoking in males was eight times greater than in females. There

was also a substantial difference between those participants who reported having treatment

for hypertension (12,190 or 19.6%) versus those were computed to be hypertensive by the

application of clinical guidelines (25,188 or 40.5%).

Data obtained from Andhra Pradesh was visualised using a more recent visualisation

technique, namely the Barnes-hut variant of the t-Stochastic Neighbour Embedding technique

(tSNE), and with a standard non-linear technique using neural networks called Neuroscale.

Both techniques could segregate high CVD risk participants well in the low-dimensional

space, which may suggest further exploration with unsupervised techniques to identify those

at high CVD risk. Also, splitting the data in terms of gender produced markedly different

plots in the low-dimensional space as compared to the splits by smoking status or treatment

for hypertension. Further investigation of the importance of gender to the WHO/ISH CVD

risk prediction charts is performed in the next chapter.



Chapter 4

Investigation of risk prediction

algorithms for CVD

4.1 Introduction and rationale for CVD risk prediction

The risk prediction algorithm for CVD is at the core of our clinical decision support sys-

tem. This chapter firstly introduces current CVD risk prediction algorithms in practice,

their methodology, and reported performances. The utility of these algorithms is in the

identification of those individuals who are substantially more likely to develop or die of

CVD. To build a CVD prediction algorithm, we first require data with recorded outcomes in

order to understand the disease incidence rates [81]. Secondly, we need adequate features

or risk biomarkers that are associated with the occurrence of the disease. Thirdly, statistical

techniques are required to build a prediction model which must be evaluated for efficacy.

Finally, evaluation metrics must justify the need for the model in clinical practice [81]. This

chapter presents an outline of different approaches for predicting CVD risk that will be

considered in succeeding chapters. These are described within the practical constraints of the

necessary criteria mentioned above, such as the lack of recorded outcomes for rural India.
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Conventional clinical practice used to determine CVD risk by inspecting risk factors such

as blood pressure and total cholesterol individually [82]. However, it was later realised that a

multi-factorial, ‘absolute’ risk approach was more beneficial [83]. Absolute risk is quantified

as the probability of developing CVD within a fixed time-frame, usually within 5 or 10 years.

For instance if the 10-year risk of an individual is 25%, it means that given this level of risk

factors, the individual can be told that 25 out of every 100 people will experience an adverse

CVD event in 10 years. The justification for the 10-year period has primarily been based on

effectiveness, affordability, and the safety of commencing drug therapy to mitigate the risk

[81]. Evidence has showed that on account of risk factor interactions, a moderate reduction in

several CVD risk factors is more beneficial than a major reduction in a single risk factor [84].

Also modifiable elements such as a change in lifestyle, diet/nutrition, or physical activity

can lead to an overall reduction in CVD risk and/or to a lowering of multiple CVD risk

factors. In clinical practice, the probabilities derived through CVD risk prediction enable the

quantification of associated risk. Those at high risk should receive more intensive treatment,

as indicated by guidelines such as the Fourth Report of the National Cholesterol Education

Program’s Adult Treatment Panel (ATP-IV) [85]. Other advantages of risk prediction include

raising population awareness of CVD, and communicating severity (or non-severity) of a

patient’s current lifestyle or adherence to therapy [81].

4.2 CVD risk prediction algorithms in the literature

4.2.1 Overview

Whilst there are several algorithms for prediction of coronary heart disease (CHD) in the

literature, a limited number of them predict CVD. An overview of the major risk scores that

determine 10-year risk is presented initially. Subsequently, the technical background for the
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methods commonly used to develop risk models will be discussed. The reported evaluation

metric for the risk prediction algorithms is the Area Under the Curve (AUC). The definitions

for the confusion matrix are illustrated in Figure ??.

Figure 4.1 Confusion matrix explaining the discriminative metric based on the relationship
between the expected value and observed outcome. CVD indicates 10-year cardiovascular
disease risk. PPV stands for positive predictive value; NPV - Negative Predictive Value

1. Framingham risk scores (FRS)

The Framingham risk scores are based on long-term prospective studies (namely the

Framingham original cohort and offpsring cohort) from the general population residing

in Framingham, Massachussets, USA. Three risk scores have been developed. The first

risk score by Anderson et al. [86], herein is referred to as FRS-1, was based on data

from 5573 participants who were followed from baseline examination between 1968

and 1971. A parametric model following a Weibull distribution 1 was fitted to obtain

a risk model. The second risk score (FRS-2) by Wilson et al. [87] was developed

for coronary heart disease (CHD) using 5345 participants who were followed for 12

years after baseline data collection between 1971 and 1974. Cox regression analysis
1The Weibull distribution is a versatile distribution commonly used to model time-to-failure. The scale and

shape parameters can be altered to generate distributions where the failure rate is proportional to the power of
time.
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was performed to obtain a risk prediction model for CHD. The most recent risk score,

FRS-3, was developed by D’Agostino et al. [88] using data from 8491 participants who

had baseline examinations from 1984 to 1987. Using Cox regression analysis [89], two

gender-specific equations were developed - a ’Global’ CVD risk score with laboratory

predictors and a ’Simple’ model using non-laboratory predictors (body-mass index

replacing lipids as a covariate). Reported AUCs were 0.76 (men) and 0.79 (women)

based on the training set (data on which the model was developed). Bootstrap samples

from the training set were used to estimate the degree of over-optimism in model

assessment. This was found to be 0.001 for men and 0.003 for women. All risk scores

were based on the data from participants aged between 30 and 75 and those with

cardiovascular disease or overt CHD were excluded at baseline.

External validation of the performance of the Framingham risk scores from various

studies can be found in the article by Siontis et al. [90], who stated that the Framingham

risk scores have inferior performance generally in comparison with other CVD risk

models. However, the authors also indicate that performance evaluation is susceptible

to biases [90]. They go on to suggest that the requirement is for independent studies

by authors other than those who developed the original model [90].

2. QRESEARCH cardiovascular risk (QRISK 1 and QRISK2) scores

The QRISK scores were based on the health records of patients who visited their

general practice in the UK [2]. QRISK1 used the data from 1.28 million patients while

QRISK2 used the data from 531 general practice clinics (2.29 million patients) aged

between 35 and 74. The QRISK2 model utilised 355 general practice clinics (of 1.53

million patients) for the derivation dataset and 176 general practice clinics for the

validation dataset. The assignment of general practices to either of these groups was
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performed randomly. QRISK2 reported AUCs of 0.79 (men) and 0.82 (women) on the

validation dataset. This is the recommended CVD risk screening algorithm in the UK

by the National Institute Clinical Excellence (NICE) guidelines on lipid modification

[91].

3. Systematic coronary risk evaluation (SCORE)

The Systematic Coronary Risk Evaluation (SCORE) algorithm was developed using

data from 12 prospective studies across 11 European countries [92]. Sampling was

performed at random from the general population and included 117098 men and

88080 women between 40-65 years. A prediction model to determine the risk of

CVD mortality was developed using a Cox model with the hazard function following

a Weibull distribution. The risk score is presented as colour-coded risk charts, and

reported AUCs on the training data are 0.80 for high-risk patients and 0.75 for low risk

patients. The SCORE algorithm is recommended in the European guidelines on CVD

prevention [93].

4. ASSIGN-SCORE

The Assessing Cardiovascular risk according to the Scottish Intercollegiate Guidelines

Network to assign preventative treatment (ASSIGN-SCORE) algorithm was developed

using the data from 6540 men and 6757 women in Scotland aged between 30 and 74

[94]. Cox regression analysis was performed to develop a prediction model for the risk

of CVD events. Reported AUCs are 0.73 (men) and 0.77 (women). The method of

internal validation used is unclear [95].

5. Prospective Cardiovascular Munster (PROCAM) scores

The PROCAM risk score is based on a prospective study in Germany from 1978 to

1995 [96]. It included data from 18460 men and 8515 women aged between 20 and

75 and calculates the risk of major coronary events, and the risk of cerebral ischemic
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events individually. Besides a Cox-Weibull approach, exploratory analysis with neural

networks was also performed. The reported AUCs are 0.82 for coronary events and

0.78 for cerebral ischaemic events. It is not clear if any validation set was used for the

reported AUCs [95].

6. WHO/ISH risk prediction charts

The World Health Organization/International Society for Hypertension (WHO/ISH)

CVD risk prediction charts are prescribed for 14 different epidemiological sub-regions

in the world [37]. Two versions of the WHO/ISH charts exist - a low information

version (LI-WHO) and a high information version (HI-WHO). Limited information

exists on the methodology used to develop these charts [97]. However, the risk

prediction charts are recommended by the WHO guidelines on CVD prevention [38],

which have been adopted by different countries due to lack of population-specific

models.

7. Reynold’s risk score

The Reynolds risk score focuses on CVD risk models for women using data from the

Women’s Health Study, which was a nationwide cohort of predominantly women from

USA who were free of cardiovascular disease and cancer at commencement of the

study in 1992 [98]. The Reynolds risk score utilises the data of 24,558 women and

from 10,724 men aged between 40 and 80. This algorithm was specifically designed for

women. The data was split into a derivation set (16400 women) and validation set (8158

women). It predicts incident myocardial infarction, stroke, coronary revascularization,

or CVD death [97]. Reported AUCs are 0.70 (men) and 0.80 (women) on the validation

set.

A summary of the covariates used for various CVD risk prediction models is given in

Table 4.1. We observe that age, gender, and systolic blood pressure have been utilised in all
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the prediction models while diabetes and current smoking status are widely used also.

Table 4.1 Covariates of existing CVD risk predictions techniques in the literature. Most
commonly used predictors are age, gender, systolic blood pressure, diabetes, and current
smoking status. Abbreviations used are described in the footnote2

Risk score/ FRS1 FRS2 FRS3 HI- LI- SCORE ASSIGN- QRISK1 QRISK2 PROCAM Reynolds
Parameters WHO WHO SCORE score

Age
Gender
SBP
DBP
Hypertension
Diabetes
Current smoking status
#cigarettes
TC
HDL
LDL
Elevated
cholesterol
Anti-hypertensive
treatment
FH-CHD
FH-premature MI
TC/HDL ratio
ECG-LVH
IAge�gender

IDiabetes�gender

IECGLV H�gender

Deprivation index
BMI
Ethnicity
Rheumatoid
arthritis
CKD
AF
HbA1c
hsCRP

Siontis et. al (2012) carried out a systematic review of the above mentioned models. They

studied 20 articles in the literature and made 56 pairwise comparisons [90]. The authors

found that only 10 of the 56 comparisons exceeded a 5% relative difference according to

the AUC metric but observed inconsistency in the relative prognostic ability of the popular
2Systolic blood pressure (SBP); Diastolic blood pressure (DBP); High density lipoprotein (HDL); Low den-

sity lipoprotien (LDL); Family history of CHD (FH-CHD); Myocardial Infarction (MI); Electrocardiogram- Left
Ventricular Hypertrophy (ECG-LVH); Chronic kidney disease (CKD); Atrial fibrillation (AF); Haemoglobin
A1c (HbA1c); High sensitive C-reactive protein test (hsCRP); and I stands for interactions between features
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risk models. They found that the results were often biased due to optimism and outcome

selection and recommended more evaluations to be done by investigators other than the

authors of the models. The Framingham algorithm remains popular internationally and has

been adapted for use by many countries for their specific populations [97]. The next section

presents a detailed insight into the Framingham study and relevant technical background on

the Framingham risk prediction models.

4.2.2 The Framingham heart study

With the advent of World War II, CVD established itself as a major cause of mortality, with

1 in 3 American men developing CVD before reaching 60 years of age [99]. As a result,

epidemiological investigations became necessary to understand the aetiology of CVD on

which little was known at that time. This found support with a number of people who

preferred a primary preventative approach as laboratory and clinical research was not able to

yield adequate information at that time [100]. The Framingham Heart Study (FHS) [99] was

born, and became a landmark, long-term cohort study to determine the aetiology of CVD. It

began in 1948 and since then, has enrolled three generations of participants from the town of

Framingham, Massachusetts. Several articles have detailed the background and design of the

FHS including its scope and limitations [99]. A brief summary of the study to date is given

in Table 4.2.

Technical background

In the literature, frequently used techniques for CVD risk prediction are based on survival

analysis [97]. This encompasses models that are either non-parametric, semi-parametric, or

fully parametric. Let T be a random variable representing the time to a CVD event. This

includes outcomes related to myocardial infarction (MI), Coronary Heart Disease (CHD),

CHD death, stroke (including transient ischaemic attack), peripheral vascular disease, and
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Table 4.2 Table summarising the progression of the Framingham Heart Study

Cohort Duration Description Number of Established
participants prediction

models
Original 1948 - Random sample of 2/3 of the adult 5209 Anderson et al.

present population in Framingham (2336 men; (1991)
2873 women)

Offspring 1971 - Established to study young adults, 5214 Wilson et al.
present who were offsprings of the (2483 men; (1998)

Original cohort 2641 women) D’Agostino et al.
(2008)

III generation 2001 - Participants had at least one parent 4085
present in the Offspring cohort (1913 men;

2182 women)

death from CVD. The distribution of T may be described by its probability density function

f (t), and cumulative distribution function F(t).

F(t) =
Z t

0
f (u)du (4.1)

The survival function, which describes the probability that an individual will survive beyond

time t, is complementary to the cumulative distribution function.

S(t) = P{T � t}=
Z •

t
f (u)du (4.2)

If F(t) is absolutely continuous, then S(t) is equal to 1-F(t). The hazard function captures

the instantaneous survival rate, or the probability that an individual will survive in the next
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instant given the person survives to t.

h(t) = lim
dt!0

h

P
(t  T < t +dt | T � t)

dt
]

= lim
dt!0

1
dt

hP(t  T < t +dt)
P(T � t)

]

= lim
dt!0

hF(t +dt)�F(t)
dtS(t)

]

=
f (t)
S(t)

=�S0(t)
S(t)

(4.3)

The cumulative hazard function H(t) can be in simple terms thought of as the accumulation

of hazard over time.

H(t) =
Z t

0
h(u)du

=
Z t

0
�S0(u)

S(u)
du

=�logS(t)

(4.4)

Hence,

h(t) =� d
dt

log(S(t))

S(t) = exp(�H(t))
(4.5)

Non-parametric models The objective in survival analysis is to handle censoring (a sit-

uation in which an observation is only partially known) and evaluate the survival function

S(t). The simplest method is a non-parametric estimate of S(t) by using precise event and

censoring times, and is called the Kaplan-Meier estimate [101]. To compute the survival

function, the risk sets of all subjects being studied are determined at the time of an event.

At times with no events, the survival probability is considered to be 1. If nt individuals are

being studied at time t with dt events occurring at that instant, then the estimated risk rt and
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survival function can be computed as follows:

rt =
dt

nt

S(t) = ’
tit

(1� rti)

where ti represents the times at which a CVD event occurs.

The cumulative hazard function can be estimated through the Nelson-Aalen estimator

[102] given by:

rt = Â
tit

di

ni
(4.6)

Semi-parametric models The most common methodology to predict failure in survival

analyses is through a Cox regression [103]. The main assumption in the Cox model is one of

proportional hazards, implying that the ratio of hazards between the two groups (exposed

and unexposed to CVD events) is constant over time even though the underlying hazards

may change. The proportional hazards assumption can be tested in different ways. A first

line approach is to inspect whether the survival curves cross each other. Other tests for

assumption can be found in the article by Persson (2002) [104].

If X = {x1,x2. . . xk} represent CVD risk factors (such as age, SBP) for an individual and

b = {b0,b1...bk} denote the coefficients, a linear function of the risk factors can be derived

as:

h j(t) = ho(t)exp(W j) (4.7)

where

W = b0 +b1x1 + . . . +bkxk (4.8)
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and ho(t) is the baseline hazard with j representing a specific patient. If we assume a single

covariate with a value of 1 in the exposed group and 0 in the unexposed group, then the

hazard ratio of the two groups is proportional to exp(b ) and does not depend on t.

h1(t) = ho(t)exp(b .1) = ho(t)exp(b ) (4.9)

Hence, the Cox model is a linear model of the log of the hazard ratio [105]. The cumulative

hazard may be estimated using the Nelson-Aalen estimator [102]. The fact that no assump-

tion about the baseline hazard following any particular distribution makes the Cox model

semi-parametric and advantageous.

The most recent risk scores from the Framingham study (FRS-2 and FRS-3) used age-

adjusted, gender-specific Cox proportional hazards models. FRS-3 by D’Agostino et al. [88]

employed a Cox regression model on data from the Original cohort and Offspring cohorts.

Two versions of the algorithm were presented - a simplified or low information model, and the

high information or main model. The following predictors were used in the high information

model:

• Age

• Diabetes

• Treated or untreated Systolic Blood Pressure

• Total Cholesterol (TC)

• HDL Cholesterol (HDL)

• Body-Mass Index (BMI)
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The simplified model employed BMI instead of lipid measurements (TC and HDL).

A 10-year CVD risk was computed as:

P(CV Dmen) = 1�0.94833exp(ÂbX�26.0145) (4.10)

P(CV Dwomen) = 1�0.88431exp(ÂbX�23.9388) (4.11)

Parametric models In a fully parametric model, S(t) is assumed to follow one of a choice

of mathematical functions. For instance, if the hazard is constant over time, then S(t) is fitted

to an exponential distribution. Other choices of distributions include gamma, log-normal,

log-logistic, and Weibull [106]. The proportional hazards assumption is satisfied by the

Weibull and exponential distributions. All the above distributions, however, satisfy the

accelerated life assumption, the premise of which states that all patients have the same shape

of survival curve, and move faster or slower on the curve according to their co-variates.

Anderson et al. [86] used a parametric approach by modelling the survival function

to follow a Weibull distribution. 5573 participants aged between 30 and 74 from both the

Original and Offspring cohorts were chosen. They were free of CVD and cancer at the time

of recruitment into the study. The authors included two other parameters (q0 and q1) as a

linear function of W. Let us define parameters r and u as

log10 r = q0 +q1W (4.12)

u =
(log10(t)�W)

r

(4.13)
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For a given value of W and r , we can calculate the survival function to be:

P(T > t) = P
n log10(T )�W

r

> u
o

= e�eu
(4.14)

The survival function follows a Weibull distribution and parameters are estimated using

maximum likelihood. The authors performed selection of covariates in two steps: covariates

that model age well were chosen for each gender (e.g. log10(age).female) and subsequently

additional risk factors were added.

4.2.3 Diabetes-specific CVD risk scores

Diabetes-specific risk models are made to overcome one of the main disadvantages of the

models described above - the exclusion of HbA1c and diabetes duration as continuous risk

factor variables. It has been reported that the risk models for type 2 diabetes, are specific

in nature as these patients experience a risk of CVD two to four times higher than the

non-diabetic population, as studied by Gu et al. [107], who performed their analysis with

data samples only from the USA .

The United Kingdom Prospective Diabetes Study (UKPDS) developed another risk en-

gine that includes HbA1c and diabetes duration, as well as other risk factors such as systolic

blood pressure, smoking and cholesterol levels. This diabetes-specific risk model gives

a 10-year risk estimate of developing myocardial infarction, stroke and CVD for patients

with type 2 diabetes [108]. Coleman et al. (2007) evaluated the Framingham, SCORE and

DECODE risk equations against the UKPDS data for patients with type 2 diabetes. They

concluded that the risk equations provide an unreliable risk estimate for fatal CVD and

coronary heart disease in the presence of type 2 diabetes, and furthermore emphasised the

requirement for a validated diabetes-specific risk calculator [109].
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The second version of the UKPDS risk engine estimates the risk of CHD and stroke

separately. In the third version however, equations have been derived that estimate CVD

risk directly [110]. Simmons et al. [110] examined the performance of this version of the

UKPDS risk engine and of the Framingham risk equations to compute CVD risk estimates in

the following cohort:

• Individuals who are already diagnosed with diabetes.

• Individuals with non-diabetic hyperglycemia (HbA1c > 6.0%)

• Non-diabetic individuals with normoglycemia (HbA1c < 6.0%)

It was found that both risk equations overestimated the CVD risk and there was no significant

difference in their ability to discriminate between different risks of CVD events.

4.2.4 Ethnicity and variability in population for CVD risk assessment

In the assessment of CVD risk, it is important to consider the patient’s ethnic group because

of differences in the incidence and prevalence of CVD in different ethnic groups [111], as

well as to improve the risk assessment outcome. Hippisley-Cox et al. [2] developed a CVD

risk prediction algorithm taking into account ethnicity and social deprivation factors. They

used the QRISK2 algorithm, which was built on the QRISK1 algorithm and included more

risk factors such as self-assigned ethnicity, absence of type 2 diabetes and body mass index.

Table 4.3 provides examples comparing the QRISK2 and the Framingham equations.

The authors of QRISK2 reported that their algorithm showed good discrimination and

calibration upon validation. Some of their key findings were:

• The risk of CVD was higher than previously thought for the South Asian population,

as compared to Caucasian patients.

• The results showed evidence that merging people of South Asian origin into one

category was deceptive. For instance, one of the results obtained compared the level of
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Table 4.3 Comparison of classification results of the QRISK2 and NICE modified Framing-
ham equations presented by Hippisely-Cox et al. [2]. The NICE guidelines do not include
Type 2 diabetes, which is therefore highlighted for only illustrative purposes.

adjusted risk for South Asian patients with Caucasian patients as the reference. It was

found that the adjusted risk, which took into account many factors including social

deprivation and the presence or absence of diabetes, was 45% higher (29% to 63%)

amongst Indian men.

• South Asian women were likely to be disadvantaged if existing algorithms were

applied for the purpose of treatment. For instance, the Framingham risk equation

underestimated their risk of CVD.

• The QRISK2 algorithm considers body mass index and hypertension treatment which

are not included in the Framingham score.

• QRISK2 was better than many other CVD risk algorithms in quantifying the risk of

CVD in patients with type 2 diabetes. The authors substantiated this with the fact

that their study was based on a large nationally representative primary care cohort

that included a high proportion of incident events. The risk algorithm also took into

consideration vital risk factors such as ethnic group and deprivation [2].
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• Collins et al.(2009) compared QRISK1 with the Anderson Framingham model [86]

and found that while the former under-predicted CVD risk by 13% for men and 10%

for women, the latter over-predicted risk by a greater margin of 32% for men and

10% for women [112]. The authors however did not compare QRISK2 with the NICE

modified Framingham equation perhaps due to the timing of publication. However,

Hippisley-Cox et al. [2] compared both QRISK2 and the NICE-modified Framingham

equations and observed that QRISK2 performed better.

NICE recommended for a long time the Anderson Framingham equation as the first

choice for CVD risk assessments in the United Kingdom. However, the NICE Guidance

Executive in February 2010 decided against continuing to recommend the Framingham risk

equation as the first choice although they stated that it could be one of the possible tools

to be used [113]. It is thought that NICE could not find substantial evidence to distinctly

recommend one risk equation over the other [114]. There is a lot of debate in the literature

about the performance of the different algorithms on different patient groups and the degree

of underestimation or overestimation. It is worthwhile considering the variability in popula-

tion subjects and ethnic minorities because of their inherent propensity for CVD or diabetes.

Absence of this could result in health inequalities and imbalance in risk estimates. Many

studies in the literature seem to converge in suggesting that both the UKPDS risk engine and

the Framingham risk equation are moderately effective at identifying high-risk CVD patients,

but are nonetheless equally poor at quantifying the extent of risk.

4.2.5 The WHO/ISH risk prediction charts

The WHO/ISH risk prediction charts are a series of colour-coded charts recommended by

the WHO guidelines for CVD prevention. Different charts are available for the 14 WHO
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epidemiological subregions around the world [37]. They offer a quantised range for pre-

dicting the 10-year risk of fatal or non-fatal cardiovascular event (myocardial infarction or

stroke). There are different risk charts based on information on the absence or presence of

diabetes. Also, depending on the usage of cholesterol information, a Low Information (LI) or

High Information (HI) model of the CVD risk chart is available. The high information charts

are used when total cholesterol information is available (Figure 4.2) while low information

charts are used where the TC information is not available (Figure 4.3). Common predictors

for both models are age, gender, systolic blood pressure, smoking status and presence of

diabetes. There are five levels of quantisation in the 10-year risk model; less than 10%; 10 to

<20%; 20 to <30%; 30 to <40%; and �40%.

In the literature there is limited information about the accuracy or validation procedure of

the WHO/ISH risk prediction charts. The charts were not developed using prospective or

out-of-sample test data and the methods employed differ from other risk estimation functions

[97]. Performance metrics such as the classification error between the LI and HI models have

also not been reported for the WHO South East Asian Regions D (SEAR-D).

Figure 4.4 presents case studies with the two versions of the WHO/ISH risk prediction

charts. The HI WHO charts without Diabetes (Figure 4.2b) highlights the non-linear relation-

ship between gender and other risk factors, which is explained by the examples of Figure 4.4.

Non-linear interactions may also exist in the other WHO risk charts; however, it is clear that

gender tends to give higher risks for females than males for patients with diabetes as may be

observed in both the WHO HI and LI charts (Figures 4.2a and 4.3a respectively). This is also

worked out in Case 4 example of Figure 4.4 where the female with diabetes has higher CVD

risk than a male with diabetes given that all other risk factors have similar levels. In case of

patients without diabetes, females again tend to have higher CVD risk scores for the WHO
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(a)

(b)

Figure 4.2 High information (HI) WHO/ISH CVD Risk Charts for the South Asian population.
The risk levels are colour coded and as follows: Low risk is indicated by Green (less than
10% risk); Medium risk is shown by Yellow (10% to <20% risk) and Orange (20% to <30%
risk); High risk is indicated by Red (30% to <40% risk) and Maroon (�40% risk).
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(a)

(b)

Figure 4.3 Low information (LI) WHO/ISH CVD Risk Charts for the South Asian population.
The risk levels are colour coded and as follows: Low risk is indicated by Green (less than
10% risk); Medium risk is shown by Yellow (10% to <20% risk) and Orange (20% to <30%
risk); High risk is indicated by Red (30% to <40% risk) and Maroon (�40% risk).
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LI charts (Figure 4.3b) while for the WHO HI charts, males tend to have higher CVD risk

scores except for the lone case of 40 year old female smokers with SBP of approximately

180 mmHg and TC levels of 4 mmol/L.
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Case 1 Consider the case of a male and female, both aged 45 and active smokers. They are

both non-diabetic and have a TC between 8.0 and 8.9 mmol/L with SBP between 120

and 129 mmHg. According to the HI WHO risk chart (Figure 4.2b without Diabetes),

the male has a 10-year CVD risk of 10-<20% while the female has a risk of 20-<30%.

Case 2 Consider the case of a male and female, both aged between 70 and 75 and active

smokers. They are both non-diabetic and have a TC between 6.0 and 6.9 mmol/L with

SBP between 120mmHg and 129 mmHg. According to the HI WHO risk chart (Figure

4.2b without Diabetes), the male has a 10-year CVD risk of 20-<30% while the female

has a risk of 10-<20%.

Case 3: Low information version If the risk is computed for the above examples without

the cholesterol information, then the 10-year CVD risks are calculated from the LI

WHO risk chart (Figure 4.3b without Diabetes). For Case 1, the male and female

patients would have a 0-<10% risk. For Case 2, the male and female patients would

both have a risk of 10-20%.

Case 4: with Diabetes If the patients considered in Case 1 and Case 2 had diabetes, then

the 10-year CVD risks are calculated from the HI WHO risk chart (Figure 4.2a with

Diabetes). For Case 1, the male and female patients would have a 30-<40% risk. For

Case 2, the male patient would have a risk of 30-<40%, while the female patient would

have >40% risk.

Figure 4.4 Examples to illustrate the effect of gender and influence of cholesterol and diabetes
in the WHO risk charts.
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4.3 Outline of algorithm improvements

We have presented a detailed description of existing risk prediction algorithms and their

performance in the previous section. Several risk prediction models have been discussed, yet

most of them have been developed specifically for the Caucasian population, and for use in

the developed world, thereby not necessarily being applicable to other settings [115]. For

instance,the PROCAM score only predicts acute coronary events; QRISK requires inputs like

a UK postcode from which deprivation is measured; the Reynolds score was developed for

women while the SCORE algorithm was specifically developed for the European population

to predict only fatal CVD risk. The WHO/ISH risk prediction charts are the only population-

specific algorithm with wide applicability, and are adapted by countries who have not

developed their own CVD risk prediction equations using cohort data from their populations.

SEAR D, for instance, gives the risk prediction levels for the entire South-East Asian region

except Indonesia, Sri Lanka and Thailand. In the succeeding chapters, we will focus on

building risk prediction models within constraints of the absence of a gold standard, for our

target population in rural India.

4.3.1 Description of datasets

The following datasets will be used in the succeeding 3 chapters:

• Dataset-1 - Nd1=1066 from Andhra Pradesh, India with recorded total cholesterol measure-

ments. This dataset was obtained from the Andhra Pradesh Rural Health Initiative [3] led by

the clinical collaborators of the SMARThealth programme, the George Institute for Global

Health. This dataset will be used in the next chapter (Chapter 5).

• Dataset-2 - Nd2=3040 from Framingham, Massachusetts, USA that has 10-year follow-up

data and outcomes (adverse CVD events) recorded. This dataset was obtained from the

Framingham Offspring cohort with permissions from the National Heart, Lung, and Blood
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Institute (NHLBI). This dataset will be used in Chapters 6 and 7.

• Dataset-3 - Nd3=62194 from Andhra Pradesh, India. This was collected using our mHealth

CDSS, SMARThealth and was described at length in Chapter 2. This dataset will be used in

Chapter 7.

Dataset-1 - The Andhra Pradesh Rural Health Initiative

The Andhra Pradesh Rural Health Initiative (APHRI) is a cross-sectional study of CVD

risk factors for 4535 subjects (48.6% male) in rural Andhra Pradesh [3]. Participants from

over 20 villages were stratified by age and gender and selected by randomly sampling. Each

age and gender stratum could therefore be represented equally (especially the elderly par-

ticipants who are more vulnerable to a CVD event). Blood samples were drawn from every

fourth participant in the study. More details on the APHRI study can be found in the article

by Chow et al. [116].

For our analysis, only those subjects who had recorded blood cholesterol and blood

glucose measurements were included (N=1066). The characteristics of the selected subjects

are summarised in Table 4.4. Statistical significance testing was performed to compare the

chosen subjects (N=1066) with the APRHI cohort (Na=4535) using a two-sample, two-sided

t-test for continuous variables, and the Wilcoxon signed-rank test for variables ‘smoking’

and ‘treated for hypertension’. The difference was not statistically significant (p>0.05) for all

gender-stratified variables in Table 4.4 except male smokers (p=0.0095).

Dataset-2 - The Framingham study

Data from exam 6 of the Framingham offspring cohort was considered for analysis. The

offspring cohort was chosen for analysis as the 3rd generation cohort did not record enough

events (65 events out of 3391) while the original cohort dataset was collected in 1958, and in

addition to the lack of heterogeneity in the dataset (on account of lower genetic diversity), the

availability of parameters like cholesterol was limited during early exam cycles. The choice
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Table 4.4 Population characteristics from the chosen subset of APHRI (Nd1=1066). Statistical
significance testing was performed to investigate this chosen subset from the full APHRI
cohort (Na=4535). Only male smokers were significantly different (p=0.0095 (<0.01);
Wilcoxon signed-rank test). BP indicates blood pressure.

Feature Male Female
N 48.8% (520) 51.2% (546)

Age, mean±sd, (years) 50.6±14.1 48.2±13.4
current smoking status,%(n) 40.6% (211) 5.1% (28)

Systolic BP, mean±sd, (mmHg) 126.1±20.1 122.4±20.5
Diastolic BP, mean±sd, (mmHg) 77.2±11.5 76.2±10.7

Glucose, mean±sd, (mg/dl) 99.8±28.7 102.4±35.9
Total Cholesterol, mean±sd, (mg/dl) 177.8±40.4 191.1±38.7

Treated for hypertension,%(n) 13.8% (72) 14.8% (81)

of exam cycle was for two major reasons; firstly because exam 6 recorded higher event rates

(11.35%) and secondly, because data on family and medical history of the patients were

available. Exam 6 consisted of 3434 patients, out of whom 3040 were free of baseline CVD,

and 519 variables that included data on pulmonary function tests and respiratory surveys.

Key CVD risk factors from exam 6 are summarised in Table 4.5.

Chapter 5 will explore risk prediction through the WHO/ISH charts for SEAR-D in detail.

Firstly, the clinical significance of using one version of the chart over the other in the context

of CVD will be discussed. Secondly, a point-of-care algorithm to determine the benefit of

total cholesterol testing whilst performing CVD risk assessment with the WHO/ISH charts

will be presented. Data analysis will be carried out using Dataset-1.

Chapter 6 will make use of Dataset-2 to select highly predictive features from a large

list of variables recorded in the Framingham study. The objective is to identify low-cost,

highly-predictive features and build prediction models to compare performance against the

Framingham risk scores. An approach to a first-order re-calibrated risk model for rural India

will be discussed.
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Table 4.5 Population characteristics of data from Exam 6 of the Framingham Offspring
cohort. Only participants free of baseline CVD were chosen (Nd2=3040). BP indicates blood
pressure; MI stands for myocardial infarction.

Feature Male Female
N 44.67% (1358) 55.33% (1682)

Age, mean±sd, (years) 57.6±9.5 58.0±9.5
Current smoking status,%(n) 7.3% (221) 8.4% (257)

Systolic BP, mean±sd, (mmHg) 129.2±16.6 125.5±18.8
Diastolic BP, mean±sd, (mmHg) 77.0±9.0 72.7±8.7

Diabetes,%(n) 3.4% (102) 3.2% (98)
Total Cholesterol, mean±sd, (mg/dl) 200.7±40.1 211.7±38.3

Family history,%(n) 7.8% (238) 11.5% (349)
-Diabetes

Family history,%(n) 5.7% (174) 7.6% (232)
-MI

Family history,%(n) 4.0% (123) 4.7% (144)
-Stroke

Chapter 7 - The lack of population-specific outcomes leads to difficulties in performing

a sophisticated recalibration procedure using techniques such as logistic regression. This

motivates the investigation of an unsupervised machine learning approach for identification

of high CVD risk patients. Dataset-2 and Dataset-3 will be used to demonstrate the validity

of a clustering approach to identify high-risk individuals.

4.4 Performance of FRS, WHO/ISH charts, QRISK2 on

Indian data

In this section, the performance of three widely used CVD risk prediction algorithms on

Dataset-1 with Nd1=1066 patients are studied. The global Framingham CVD risk prediction

model by D’Agostino et. al (2008) or FRS-3 [88] comprises a HI version that uses traditional

risk factors, and an LI or simplified version that uses non-laboratory based predictors (Equa-

tion 4.10). The WHO/ISH risk prediction charts for SEAR-D also consists of a LI and HI
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version.

QRISK2 is available as C code. In this analysis, the 2015 update was used (available

from http://svn.clinrisk.co.uk/opensource/qrisk2). A MATLAB interface to the C code was

created (as technical support for the C code nor coefficients were available). The ethnicity

variable was fixed to be Indian. The following variables were unknown and are considered

to be absent: atrial fibrillation, Rheumatoid arthritis, stage 4 or 5 chronic kidney disease,

and type 1 diabetes. These assumptions were made due to limited availability of data and to

conform to the context of the Indian population. QRISK2 includes a variable that accounts

for deprivation through a score called the Townsend score. To understand the influence of

this variable when examining the performance of the QRISK2 scores on Dataset-1, the CVD

risk scores were computed at three levels of the Townsend score - maximum deprivation,

minimum deprivation, and median deprivation.

Although the QRISK2 scores are used in this analysis to serve as a comparator, it is

important to understand its limitations. Firstly, although the QRISK2 algorithm has the

advantage of being trained on millions of patients [2], a substantial portion of the training

data was imputed (as much as 70%) for certain variables [97]. This has the possibility of

introducing bias if the algorithm is to be used in rural India when the imputation methods

relied on the statistics of the UK population (e.g. the prevalence of disease).

Secondly, it may be observed that both the FRS and the WHO/ISH risk prediction algo-

rithms, unlike the QRISK2 scores, include a low information version which is better suited

to resource-constrained settings. This is because, at point-of-care, besides the cost of data

acquisition, a wrong assessment of an important binary/categorical variable (such as stage 4
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or 5 chronic kidney disease) can bias the predicted scores considerably.

Thirdly, a variation of the QRISK2 scores across three levels of deprivation is presented.

A custom deprivation score, however, needs to be formulated for rural India. This is because

the UK score is based on the following four variables obtained from the UK census data:

unemployment (lack of material resources and insecurity); overcrowding (material living

conditions); lack of owner occupied accommodation (a proxy indicator of wealth); and lack

of car ownership (a proxy indicator of income). Our target population in the West Godhavari

district in rural Andhra Pradesh, is a relatively well-off community in comparison to southern

rural India (which is in turn more well-off than many parts of northern rural India). As

described in Chapter 3, the villagers in the West Godhavari district include businessmen

(involved in aqua-culture) and landlords (or ‘zamindars’ who also own vast amounts of

farmland), who have considerable wealth, whilst those involved in labour-intensive jobs

(such as working on the farm) are impoverished. This thesis will progressively introduce an

mHealth platform that will be evaluated through a clinical trial (Chapter 8). The trial data

will generate longitudinal information on risk factors that can be compared with risk factors

acquired in different locations, and associated with different occupations, which can lead to

formulating specific deprivation scores for rural India.

The performance of the HI and LI Framingham models with the HI and LI WHO/ISH

risk prediction charts for SEAR-D and the QRISK2 scores was assessed. An important

limitation in this exercise is the fact that the WHO/ISH risk prediction charts offer only

discrete predictions in 5 risk bands whilst FRS-3 performs continuous prediction. Hence, our

risk comparison was stratified into the five categories prescribed by the WHO/ISH charts,

and is illustrated in Figure 4.5. This is suboptimal as the FRS-3 authors employed 0% to 6%,

6% to 20%, and >20% as risk categories [88]. However, the aim here was to understand how
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Figure 4.5 Comparison of CVD risk prediction algorithms namely the LI and HI WHO/ISH
models, the simple and main FRS-3 algorithm, and the QRISK2 scores on Dataset-1. The
Framingham main (or HI) model underpredicts risk as compared to the LI (or simplified)
model. The HI and LI WHO/ISH charts differ in making prediction between risk bands over
20% and less than 40%. As the deprivation score increases, the number of those classified
to be at high CVD risk increases.

the high and low information versions of these algorithms perform on data from our target

population.

Figure 4.5 illustrates the differences in risk prediction between a LI (or simplified) and

HI (or main) version of the WHO/ISH and Framingham algorithms, as well as across varying

deprivation indices of the QRISK2 scores. For the WHO/ISH model, a major difference lies

in risk prediction between the risk bands over 20% and less than 40%. It may be observed

that as the deprivation level increases for the QRISK2 scores, more people are classified to

be at high risk.

The Framingham HI model under-predicts CVD risk as compared to the LI Framingham

model with a difference of over 20% of the population (or 222 patients) being in the low

risk (0-<10%) range for the former (Figure 4.6). This is subsequently reflected by 103 fewer
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patients in the 10-20% risk range, 52 fewer patients in the 20-30% risk range, 38 fewer

patients in the 30-<40% risk range and 29 fewer patients in the >40% range for the HI model

in relation to the LI model.
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Figure 4.6 Scatter plot of the simple and main FRS-3 algorithm on Dataset-1, which is
from an Indian population. The diagonal line displayed shows the case of perfect agreement
between both versions of the Framingham algorithm. The coefficient of determination (R2)
is 0.86 indicating that 86% of the total variation in FRS-3 main algorithm can be explained
by the linear relationship between the FRS-3 simple and FRS-3 main algorithm.

If the Framingham HI and LI models agreed perfectly with each other, they would be

along the line connecting the origin to (-90,90) in Figure 4.6. Deviations from this line can be

expressed through the coefficient of determination (R2) which is 0.86 between Framingham

HI and LI models. This can be interpreted as follows: 86% of the variation in Framingham

HI algorithm can be explained by the linear relationship between Framingham HI and LI

algorithms. This indicates that the presence of TC information is important in both the

WHO/ISH and Framingham models for classifying CVD risk. These findings need to be
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investigated in greater detail in order to understand the clinical relevance.

4.5 Summary

In this chapter, we have introduced the rationale for CVD risk prediction and presented a

review of the major CVD risk prediction techniques in the literature. We focused on the

widely used Framingham risk scores and the WHO/ISH risk prediction charts that are suitable

for rural India. We briefly presented case studies to show the influence of gender and total

cholesterol in CVD risk prediction scores calculated using the WHO/ISH risk prediction

charts. In particular, the non-linear interactions between gender and diabetes was observed

as exemplified by the fact that females tend to have higher CVD risk than males in all cases,

except for those patients who have diabetes and who obtained their risk score by specifically

using the WHO/ISH high information (HI) chart. Using the APHRI dataset that was also

recorded from our target population, we compared the low and high information versions

of the WHO/ISH and the Framingham risk prediction models with QRISK2 scores with

varying deprivation indices. The Framingham HI model under-predicts risk as compared to

the LI model (R2=0.86).The inclusion of cholesterol information appears to be important

when using both the Framingham and WHO/ISH models. Further investigation is required

especially with regard to the clinical importance of the mis-classifications for rural India.

This will be discussed in detail in the next chapter.



Chapter 5

CVD risk prediction using WHO/ISH

charts

5.1 Introduction

We have previously indicated that the prevalence of cardiovascular disease is increasing in

the developing world [117]. The Indian subcontinent accounts for the highest rates of CVD

globally [118]. Although many algorithms for CVD risk assessment have been developed

worldwide, no cohort data is available in these regions for population-specific development of

CVD risk models. Currently, the CVD risk prediction charts developed by the World Health

Organization and International Society for Hypertension [37] are the only recommended

methods for the Indian subcontinent for CVD risk assessment in national guidelines [119].

For instance, in India, interventions for CVD and associated risk factors like diabetes through

the National Programme for Prevention and Control of Cancer, Diabetes, Cardiovascular

diseases and Stroke (NPCDCS) depend on the WHO/ISH South East Asian Regions D charts

for CVD risk assessment [1]. SEAR-D countries include Bangladesh, Bhutan, Democratic

People’s Republic of Korea, India, Maldives, Myanmar, and Nepal [37]. The previous chapter

introduced the WHO/ISH risk prediction charts and the case studies that were discussed (see
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Sections 4.2.5 and 4.4) revealed that total cholesterol played a key difference in CVD risk

predictions using the WHO/ISH charts. We address key issues concerning risk prediction

with the WHO/ISH risk prediction charts, specifically for the SEAR-D population and focus

on the following:

Objective 1 Quantify the relative error between the LI and HI WHO/ISH risk prediction

charts based on data from rural India, specifically highlighting those patients who are

likely to be under- or over-treated as a result of choosing one version of the charts over

the other.

Objective 2 Use the same dataset to develop a sparse point-of-care algorithm which allows

the user to identify patients who are likely to benefit from a TC test when their CVD

risk is being assessed through the WHO/ISH risk prediction charts.

We make the assumption that the WHO/ISH HI model is more accurate than the LI model

because it uses more information (through the inclusion of total cholesterol, a strong predictor

of CVD). There are over 3 million new CVD cases a year in India and so the aim of this

analysis is to facilitate more accurate screening of CVD risk. Additionally, we envisage that

this study will be of practical relevance to healthcare policy makers and payers, especially

in low- and middle-income countries, who may not be able to fund TC tests for the whole

population.

5.2 Methods

Dataset-1 from the Andhra Pradesh Rural Health Initiative as described in the previous

chapter (Section 4.3.1) was used. A total of 1066 patients had TC and glucose measurements

recorded and were considered for analysis.
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5.2.1 Risk stratification according to Indian national guidelines

According to the 2009 NPCDCS guidelines, a patient with less than a 10% 10-year risk score

should be considered to be at low risk of developing CVD. If the risk score is between 10% to

<20%, the patient should be considered to have a moderate risk of developing CVD. Patients

with risk scores between 20% to <30% should be considered to be at high-risk while those

above 30% should be deemed to be at ‘very high risk’ of developing CVD [1]. Treatment

for high-risk subjects is initiated either if the CVD risk score is above 30%, or if the CVD

risk score for an individual is between 20% up to 30% and their systolic blood pressure is

also over 140 mmHg [120]. The group of subjects who are at high risk and require treatment

is henceforth referred to as THR. For objective 1, we use the NPCDCS guidelines for the

interpretation of the risk range and highlight THR subjects who are clinically more relevant.

For objective 2, we develop a POC algorithm using data from all patients (all categories of

risk).

5.2.2 Feature selection

In machine learning, the curse of dimensionality is an important consideration. It states that

the dimensionality of the feature space is limited by the available data, especially when the

number of features is large. A typical example may be genetic data where the data from

a handful of patients consists of thousands of features (genes). Consequently, a predictive

model with limited training examples tends to be less accurate with increasing features, also

known as the Hughes effect [121]. This aligns with the principle of parsimony where we

are interested in maximising the predictive power with information from as few features as

possible.
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A total of 40 features that have been reported in the CVD literature were chosen from

the APRHI dataset (listed in Appendix D) for input into a feature selection algorithm, the

Maximum Relevance Minimum Redundancy (mRMR) approach [122]. Amongst all features,

educational level was the only feature that was ordinal. Since the association of specific

levels of education with the outcome was of interest, each category was taken as a feature

(which was a binary variable). The mRMR criterion is dependent on the pairwise mutual

information between features and class labels. The mutual information (MI) between two

continuous random variables X, Y can be defined as

MI(x,y) =
Z •

x=•

Z •

y=•
p(x,y).logb

✓

p(x,y)
p(x)p(y)

◆

dx dy (5.1)

where p(x), p(y) are the marginal probability densities and p(x,y) is the joint probability

density function (pdf) of X and Y. The logarithm to the base b is used to denote the unit

of MI (for instance, when b=2, the unit is a bit, which is a common way of measuring

MI). Equation 5.1 can also be expressed as the Kullback- Leibler (KL) divergence of the

joint pdf with the product of the marginals, i.e. DKL(p(x,y)||p(x)p(y)). When X and Y are

independent, the logarithmic term involved in the computation of KL divergence becomes 0

(as p(x,y) = p(x)p(y)), and hence the KL divergence is zero.

The integrals become summations when the random variables A and B are discrete. In

practice, the random variables A and B can be a mixture of discrete and continuous variables.

In such a case, the KL divergence can be computed by discretising the continuous variable

such as through the techniques reviewed in the article by Garcia et al. [123]. Alternatively,

the density of a discrete variable can be determined through techniques such as histograms,

kernel density estimates, or Parzen windows.
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Intuitively, MI can be understood as the amount of information shared between two

variables. Unlike correlation which only captures a linear relationship (in the case of Pearson

correlation) or monotonic relationship (in the case of Spearman correlation), MI is a better

estimate of the dependence between two variables [124]. MI is also commutative, that is

MI(X,Y) = MI(Y,X). Hence MI is useful to represent the association between features f1...m and

the response y. This is utilised by mRMR, originally proposed by Peng et al. [122]. mRMR

considers the interaction between a feature and the outcome, individually. It penalises the

pairwise MI between features (redundancy) while maximizing the MI between each feature

and the class of outcomes c 2 [0,1] (relevance). Multivariate interactions are not accounted

for by mRMR. However, pairwise feature redundancies are taken into consideration by

mRMR.

mRMR = max
S

8

<

:

1
|S| Â

fi2S
MI(fi;c)� 1

|S|2 Â
fi,f j2S

MI(fi; f j)

9

=

;

(5.2)

where S is the feature set, MI is the mutual information between feature fi and class c or

between features fi and f j. mRMR is an example of a ‘filter’ method for feature selection,

where a statistical criteria forms the basis of ranking features. In this analysis, we use three

classifiers for model development (outlined in the next section). In order to perform feature

selection that is quick and convenient, as well as independent of using a classifier, the mRMR

technique was used. mRMR has been reported to improve model performance through robust

feature selection [125] albeit differences in implementation, for instance, in estimation of the

joint density, can produce dissimilar results.

To estimate the density of a pdf, a non-parametric method is often used called the

kernel desntiy estimate (KDE). If (x1, ...,xn) are samples that follow i.i.d (independent and

identically distributed) and drawn from a distribution with unknown density f , the KDE may
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be estimated as:

PKDE(x) =
1

Nhd

n

Â
i=1

K
✓

x� xi

h

◆

(5.3)

where K(·) is the kernel function (which is non-negative and integrates to 1), and h is

the bandwidth of the d dimensional kernel used. If we use a Gaussian kernel (which is

common practice), then the kernel function becomes K(u) = (2p)�d/2e�
1
2 uT u. A small

bandwidth results in an undersmoothened curve of the estimated density while usage of a

large bandwidth results in a oversmoothened curve. The optimal choice of h is dependent

on the desired tradeoff between variance and bias. Density estimation in this analysis was

performed using Silverman’s rule [126], which uses a Gaussian kernel given by

PKDE(x) =
1

Nhd

n

Â
i=1

(2p)�d/2e�
1
2 (

x�xi
h )2

(5.4)

with the bandwidth h in 1 dimension determined by

h =

✓

4s

5

3n

◆

1
5

(5.5)

where s is the standard deviation of the samples.

From the top 20 features ranked using this criterion, we selected those features which are

clinically relevant features that were either easy to measure, low-cost, or easy to access. The

feature set included the following 10 variables: gender, age, current smoker, past history of

diabetes, past history of high cholesterol, body mass index, systolic blood pressure, diastolic

blood pressure, treatment for hypertension and blood glucose.
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5.2.3 Development of model for identifying TC candidates
Data from the 1066 patients in Dataset-1 were divided into training and testing sets in a

ratio of 70:30. The WHO HI and LI risk prediction charts were implemented in the Matlab

programming environment. The predicted CVD risk ranges were then obtained from both the

HI and LI risk prediction charts applied to the data. We wish to identify the subpopulation

that would benefit from a TC test. We perform this by identifying the patients for whom the

predictions for LI and HI risk prediction charts differ, and this was the target outcome of our

model. Three different classification approaches were applied to the task of identifying these

patients from the features identified at the end of the Section 5.2.2 (above), namely Logistic

Regression, Support Vector Machine, and Random Forest.

Logistic Regression

Logistic regression (LR) is a probabilistic method for classifying binary outcomes and it

is often employed as a standard baseline approach. Let us consider K independent variables

X = {x1,x2...xk} that model the dichotomous dependent variable y. If the probability of a

patient i developing CVD is expressed as Pi and the probability of not developing CVD is

P(yi = 0|xi) = 1�Pi, then

log
✓

Pi

1�Pi

◆

= b0 +
K

Â
j=1

b jx j (5.6)

Pi

1�Pi
= e

(b0+
K
Â

j=1
b jx j)

(5.7)

A simple transformation of the above equation leads to

Pi =
1

1+ e
�(b0+

K
Â

j=1
b jx j)

(5.8)
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If the patient data is assumed to be independent, the coefficients b j can be estimated

through a likelihood function, which can be expressed as

L(b |x) =
N

’
i=1

pyi
i [1� pi]

1�yi (5.9)

For mathematical convenience, we consider the log of the likelihood function,

L (b |x) =
N

Â
i=1

yilog(pi)+(1� yi)log(1� pi) (5.10)

=
N

Â
i=1

yi(b0 +
K

Â
j=1

b jx j)+
N

Â
i=1

log(1� pi) (5.11)

The task is therefore to maximise the log-likelihood or minimise the negative log-likelihood

for computationally efficiency. The equation can be solved through iterative techniques such

as Gradient descent [127] or Newton’s method [128] to estimate the b coefficients.

Regularisation Regularisation is performed to reduce overfitting and increase generalis-

ability. It is useful to derive a sparse or parsimonious model that balances model complexity

and accuracy, as well as aid the interpretability of the model. This is achieved through the

addition of a penalty term which results in shrinking large coefficients. The penalty term (l )

that determines the strength of regularisation, along with a function of the coefficients b , is

added to the log-likelihood estimation.

L (b |x) =
N

Â
i=1

(yilog(pi)+(1� yi)log(1� pi))+l f (b ) (5.12)

(5.13)
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Higher values of the penalty term constrain the b coefficients to be small. Frequently

used functional forms of f (b ) are the L1 norm and the L2 norm. The L1 norm is simply a

summation of the absolute values of each coefficient while the L2 norm is the square root of

the sum of the squares of each coefficient. Regularisation techniques such as the LASSO,

which uses an L1 penalty, when applied, result in a selection of coefficients being zero.

According to Hastie, Tibshirani, and Wainwright, “the L1 penalty provides a natural way to

encourage or enforce sparsity” [129]. Statistical efficiency of the L1 penalty was discussed

by the same authors and they introduced a “bet-on-sparsity-principle”. According to this prin-

ciple, if an underlying true signal was assumed to be sparse, an L1 penalty could be imposed

to recover it failing which other methods would not work as well, relative to the Bayes error.

Further detail can be found in Chapter 11 of the Statistical Learning with Sparsity book [129].

On performing regularisation, a large l leads to heavy penalisation of the coefficients,

which means a large proportion of the coefficients will shrink to zero. This leads to high

bias and therefore underfitting. On the other hand, a small value of l leads to fewer coeffi-

cients being zero and increases the variance, thereby indicating the propensity for overfitting.

Regularisation helps to achieve the optimal model selection if the appropriate magnitude

for l can be found. Figure 5.1 explains the bias-variance tradeoff. With increase in model

complexity (small penalty), the tendency to overfit increases (high variance, low bias) while

an extremely high penalty can lead to underfitting (low variance, high bias).

Bishop [131] provides a detailed explanation of the L1 and L2 norm. In general, given

two correlated features, the L1 norm selects one feature from the two while the L2 norm

keeps both and shrinks both coefficients. Hence the L1 norm has been known to produce

sparse models (i.e. with more zero coefficients) while the L2 norm minimises the prediction

error more (because of the quadratic penalisation term) [130] [132]. Here we use the L1
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Figure 5.1 Figure illustrating the bias-variance tradeoff (adapted from the Elements of
Statistical Learning book by Friedman, Tibshirani, and Hastie [130]).

norm to derive a sparse model because we only have the data for 1066 patients.

Support Vector Machines

Support Vector Machines (SVM) are a class of margin-based classifiers, a concept rooted

in statistical theory that links generalisation performance (given unseen test data) and an

algorithm’s learning capacity (to classify an arbitrary number of points) [131]. A margin can

be defined as the smallest distance between the decision boundary and any of the samples

[131]. In the case of SVMs, the decision boundary is chosen such that the margin is max-

imised. Let us assume we are given samples from the positive x+ and negative x� classes

which are linearly separable in the feature space, as illustrated in Figure 5.2.

If w represents a line constrained by being perpendicular to the decision boundaries,

and we are given an unknown sample u, the projection of u onto line w is given by the dot
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Figure 5.2 Figure illustrating a linearly separable case of two classes (diamonds and stars).
The blue line represents the case where the margin is maximum. A subset of samples
determines the location of the decision boundary (represented by the red lines). Samples
at (2,2) and (5,5) do not influence the decision boundary in this case and are not support
vectors.

product w.u. Our objective is to determine which side of the decision boundary lies the data

point, which can then reveal its class membership. To classify the data point as a positive

sample we require that f (u) = w.u+b > 0, for which the positive and negative samples can

be constrained as

f (x+) = www.x++b =+1 (5.14)

f (x�) = www.x�+b =�1 (5.15)

Subtracting Equation 5.15 from Equation 5.14, we obtain w(x+� x�) = 2. Dividing by

kwk, the width of the margin can be computed to be

w
kwk(x+� x�) =

2
kwk (5.16)

This implies that in order to obtain the maximum margin for the SVM, we need to

maximise 2
kwk . This is equivalent to minimisingkwk2, and the optimisation problem becomes
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arg min
w,b

1
2
kwk2 (5.17)

where 1
2 is added for mathematical convenience. Bishop [131] describes the use of Langrange

multipliers as a potential solution. It transforms a constrained optimisation problem into a

convex optimisation problem.

It needs to be remembered that the minimisation is still constrained. The problem can

be written as yi(wxi + b) � 1 where yi is +1 for a positive sample and -1 for a negative

sample. In practice, it is unrealistic to expect to build a hyperplane that perfectly separates

different classes. This can be accounted for by the introduction of a slack parameter (x )

that offers flexibility while defining the hyperplane. Cortes and Vapnik [133] rephrased the

minimisation problem as:

minkwwwksub ject to

8

>

>

<

>

>

:

yi(w.xi +b)� 1�xi

xi � 0;Âxi  C
(5.18)

where the capacity parameter C determines the degree of penalisation for misclassifications.

A large value of C will result in overfitting a decision boundary. Therefore the balance

between generalisation and accuracy should be considered carefully while tuning an SVM.

The slack parameter (xi) imposes a non-zero cost for each xi since the soft margin formulation

is to allow for misclassified points (e.g. noisy points and/or outliers) at a cost.

The kernel trick - The above formulation of SVMs begins to break down when the class

samples not linearly separable. To circumvent this scenario, a ‘trick’ may be employed which

relies on the notion that data can be linearly separated if the features are transformed to a

high dimensional space. Solving the optimisation problem reveals that the maximisation of
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the margin depends only on the dot product between pairs of points (xi and x j). A kernel

function can hence perform feature transformation:

K(xi;x j) = f(xi)f(x j) (5.19)

Instead of resorting to a computationally expensive inner product (f(xi)f(x j)), the kernel

function simplifies feature transformation. In other words, the kernel function helps to find

the separating hyperplane in the feature space without the need to explicitly represent the

space. Common kernel functions include the polynomial kernel, linear kernel, and the Radial

Basis Function (RBF) kernel.

SVMs have shown excellent performance in different pattern recognition applications

[134]. For our task of identifying the subpopulation of patients who will have different CVD

risk scores by the HI and LI WHO/ISH charts, we used a linear kernel SVM, defined by

k(xi,x j) = (xi.x j +1)d . For the case of the linear kernel, the degree parameter d=1. Sufficient

accuracy was obtained when the linear kernel was used. A non-linear kernel (RBF) was also

tested but provided similar performance and therefore the linear kernel was adopted in the

final model. The trade-off between model complexity and classification error was achieved by

optimising C through a grid search of the feature space using the training dataset. A suitable

value of C was obtained by optimising on the area under the curve (AUC) parameter, also

known as the C statistic. An internal four-fold cross validation (a technique described in the

next subsection 5.2.4) was employed to optimise the hyperparameter C through a grid search.

The proportion of class imbalance was consistent across the folds. An average of the C across

the folds was taken and the SVM was retrained. LIBSVM, the SVM implementation used

in this analysis, provides a ‘weight’ parameter w that was set to be inversely proportional

to the size of samples in each class [135]. The penalty term C was multiplied by w for

each class i to account for the imbalance. An alternative approach to examine the effect
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of class imbalance on the SVM was also tested. The SVM was trained with the following

class proportions: 50% of the training data comprising 70% samples of class 1 (natr1=108);

the other 50% of the training data comprising a random selection of samples from class 0

(natr1=108). Total training data in this alternative approach was 216 samples and the rest of

the samples were test data (nate=850). The training and testing of this alternative approach

was repeated 10 times and the average test performance of the SVM was examined. The AUC

evaluation metric is suitable and not influenced by class skewness (defined as the ratio of

negative examples to positive examples) as opposed to other evaluation metrics like accuracy

or Cohen’s Kappa [136]. The libSVM implementation by Chang and Lin [135] was used in

the Matlab programming environment.

Random Forests

A Random Forest (RF) is an ensemble classification technique that is broadly derived

from the CART (Classification and Regression Tree) algorithm family [137]. It uses bagging

(bootstrap aggregation) where N subjects or patients are sampled but with replacement, and

selects a random subset of features, the number of which is mtry, to build decision trees.

The decision trees in a RF are un-pruned [138] since the potential for overfitting is reduced,

because (a) an ensemble of trees is utilised and (b) individual trees are bootstrapped. The

trees in a RF are usually grown to the largest extent possible which could help learn irregular

patterns in the dataset. A tree is grown until homogeneity is reached, which can be measured

through the Gini impurity criterion.

IG(e) = 1�Â
k

p(k|e)2 (5.20)

where IG(e) is the Gini impurity at node e, p(k|e) is the probability of class k 2 [0,1] at node

e. For the binary classification task, Equation 5.20 reduces to IG(e) = 2p0(1� p0), where p0

is the probability for class 0. When the number of samples having class 0 and class 1 are
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equal, the impurity is maximum with IG=0.5. When IG=0, there is perfect purity. The results

from each tree are aggregated in the end to perform classification or regression. Breiman

[138] suggested two parameters that influence the generalization error of an RF: the strength

of each tree and correlation between trees. With an increase in mtry, both the correlation and

the strength of trees were found to increase [138]. However, an increase in the correlation

leads to an increase in error rate, while an increase in the strength between trees reduces the

error rate. Therefore mtry needs to be optimised and is one of the two tuning parameters; the

other being the optimal number of trees ntree needed for achieving high accuracy.

An interesting component of RF is that of Out-of-bag (OOB) samples. During the con-

struction of each tree, about one-third of samples from the original dataset are left out. The

aggregation of these unused samples is called the OOB samples. They provide an unbiased

out-of-sample or test data. Furthermore, OOB samples can be used to tune the RF parameters

mtry and ntree.

An estimate of variable importance can also be obtained from the OOB samples. For a

given feature p 2 {1, ...,m}, the OOB samples in each tree are utilised to permute xp alone

whilst keeping all other features unaltered. The resulting difference between the number

of votes for the target class (class 1) derived from the classifier on the permuted OOB data

versus the OOB data is the importance measure for feature xp. Since this method relies on the

extent to which permutation results in a decrease in the accuracy of the model, it is referred

to as the variable importance due to mean decrease in accuracy method. Subsequently,

it follows that features that do result in a large decrease in mean accuracy as a result of

perturbation are more important to the model as opposed to those features that have no effect

on model performance due to perturbation [139].
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RFs have numerous advantages including efficient handling of large data, robustness

to outliers, fewer tuning parameters, automatic determination of variable importance, high

classification accuracy, and methods to handle missing data [138]. We used the Matlab

implementation of the randomforest R package [140].

5.2.4 Model validation

Generalisation of model performance - A popular method to obtain a reliable estimate of

the test error and classifier performance on unseen data is the use of cross validation. Data

from the training set is split into K folds. For each fold k 2 {1, ...,K}, a model is trained on

all folds except the kth fold. The model is then tested on the kth fold. This process is repeated

K times. Subsequently, the performance is averaged across all the folds and a forecast of the

test error is made. Each sample in the dataset acts as a test data point only once yet is utilised

in training data K�1 times [141].

We performed four-fold cross validation on the training set to optimise hyperparameters

and obtain the best performing model. For RFs, the OOB samples in the training set were

used to optimise the number of trees and number of variables sampled for each split. The

OOB samples acted as an internal test set for each tree. The resulting error estimate has been

proven to be unbiased [142]. For regularised LR, the mean of the regularisation parameter

was derived through four-fold cross validation. This was used to re-train the classifier and

performance on all of the training set was estimated. The final model performance for all

classifiers was evaluated on the test set.
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5.2.5 Evaluation Metrics

To evaluate the models, we use the area under curve (AUC) or C statistic, which is a measure

of the classifier’s discriminative ability. We also used the F-score to select thresholds from

the Receiver Operating Characteristics (ROC) curve. The F-score is the harmonic mean of

the precision and recall, as defined below.

Recall

The recall or sensitivity (Se) is the true positive rate, or the number of times a patient

belonging to the subpopulation is correctly identified. This means the number of times a

patient for whom a TC test is beneficial for CVD risk prediction by the WHO/ISH models is

correctly identified. It is defined as

Recall =
T P

T P+T N
(5.21)

where TP indicates true positives and TN indicates true negatives.

Specificity

The specificity (Sp) is the true negative rate, or the number of times a patient who does

not belong to the subpopulation is correctly identified. It is defined as

Speci f icity =
T N

T P+T N
(5.22)

where TN indicates true negatives and TP indicates true positives.

Precision

The precision or positive predictive value is the proportion of true positives amongst all

positive results and is defined as

Precision =
T P

T P+FP
(5.23)
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where FP indicates the number of false positives.
F-score

The generalised F-measure is given by

F
b

= (1+b

2).
precision.recall

b

2.precision+ recall
(5.24)

where b measures the effectiveness of retrieval with respect to someone who attaches b

times as much importance to recall as precision. We report the F1, F2, and F3 scores where

b = 1, 2, and 3 respectively.

The APRHI project was approved by the Institutional Ethics Committee of the CARE

Hospital, Hyderabad in India and the University of Sydney Human Research Ethics Commit-

tee, New South Wales, Sydney. Participants provided informed, written content to contribute

data to the study. The analysis carried out in this thesis chapter used de-identified, anonymised

patient data from the APHRI project.

5.3 Results

5.3.1 Objective 1: Relative performance of LI and HI WHO/ISH CVD

risk prediction charts

Out of 1066 subjects in Dataset-1, the LI and HI risk prediction charts misclassified 155

subjects (or 14.5%) relative to each other as shown in Figure 5.3. Hence the subpopu-

lation consists of 155 subjects. Statistical significance testing was performed using the

non-parametric Friedman’s test, which is suitable for ordinal data (since the WHO/ISH charts

predict in quantised ranges). The choice of WHO/ISH risk prediction chart was statistically
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significant (p=0.008;c2=7.03).

Figure 5.3 CVD risk prediction using the LI and HI WHO/ISH risk prediction charts on the
chosen subset of APHRI data (N=1066). The five CVD risk ranges for whom the predicted
risk using LI and HI WHO/ISH risk prediction charts concurred, are colour coded as follows:
less than 10% risk in green; 10 to <20% risk in orange; 20 to <30% risk in red; 30 to <40%
in light red; and �40% risk in maroon. Subjects for whom the predictions differed are
highlighted in yellow circles with those that can be THR having a red highlight.

Figure 5.4 illustrates through a Venn diagram the number of subjects classified to be

THR (or high-risk subjects requiring treatment) by both the LI and HI WHO/ISH models.

The predictions from LI model resulted in 108 subjects being classified as THR while the

HI model classified 88 subjects to be THR upon application of the previously described

NPCDCS clinical guidelines. Both LI and HI models concurred on 80 subjects to be THR

(p=0.2568 using Friedman’s test, implying the choice of prediction model is not significant).

However, they disagreed on 36 subjects overall (p<0.01 using Friedman’s test, implying

choice of prediction model is significant), which is 31% of all subjects identified as THR by
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either the HI or the LI model. If it can be assumed that the HI model is more accurate on

account of the additional information used in the prediction, we observe that 28 THR subjects

are misclassified. This implies that the LI model over-predicts high-risk subjects requiring

treatment as compared to the HI model.

Figure 5.4 Venn diagram illustrating the number of subjects classified to be THR when the
LI model and HI models of the WHO/ISH CVD risk prediction charts are used.

Table 5.1 shows the statistical characteristics of the misclassified subjects. We can ob-

serve the levels of certain mean risk factors that are at the thresholds of what is deemed

normal and abnormal as per clinical guidelines. For example, the cut-off for diagnosis of

hypertension is BP> 140/90mmHg and it is observed that the SBP in Table 5.1 for both males

and females is on the borderline. This indicates that those subjects who will be the subject of

step thresholds (as opposed to a smooth change) are prone to misclassification.

5.3.2 Objective 2: Models to identify subjects who benefit from TC

testing

For the task of identifying the subpopulation who would benefit from TC testing, three

classification approaches namely RLR, SVM, and RF were used (as described previously in

Section 5.2.3). The training and out-of-sample performance of the classifiers are summarised
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Table 5.1 Statistical characteristics of the subpopulation (n=155), which comprises those
patients for whom the predictions for LI and HI WHO/ISH risk prediction charts differ.

Feature Male Female
n 57.4% (89) 42.6% (66)

Age, mean±sd, (years) 62.1±9.4 62.5±9.1
Current Smoker,%(n) 53.9% (48) 6.1% (4)

Systolic BP, mean±sd, (mmHg) 140.7±23.4 140.8±21.6
Diastolic BP, mean±sd, (mmHg) 81.7±13.2 78.8±12.3

Glucose, mean±sd, (mg/dl) 108.2±41.4 109.9±52.2
Total Cholesterol, mean±sd, (mg/dl) 187.4±57.5 206.1±61.0

Treated for hypertension,%(n) 29.2% (26) 34.8% (23)

in Table 5.2. RF has the highest AUC of 0.85 while the performance of SVMs is comparable

(AUC 0.84). The ROC curve for the training data is shown in Figure 5.5. The F1, F2, and F3

scores were computed and Figure 5.5 shows thresholds where the scores were maximal on

the training data. Subsequently, the same thresholds were applied on the test data and the

resulting sensitivity and specificity are described in Table 5.2. For RF, the OOB samples

during training were used to calculate the F-scores since the AUC on the training data is

perfect (AUC 1.00). The F1 scores offer a balance between sensitivity and specificity, while

F3 scores emphasise sensitivity over specificity. For example, the performance of SVMs on

test data shows that at the maximum F1 score, a sensitivity of 91% and specificity of 69%

was achieved while at the maximum F3 score, we obtain 96% sensitivity and 66% specificity.

The alternative approach to test the effect of class imbalance on the SVM (outlined in Section

5.2.3) was performed. An out-of-sample AUC of 0.83±0.017 was achieved. This is compara-

ble to the standard approach of weighting the classes.
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Table 5.2 Discriminative ability of Support Vector Machine (SVM), Random Forest (RF),
and L1-Regularised Logistic Regression (RLR) to classify patients likely to benefit from a
TC test. The F1, F2, and F3 scores were obtained from the training data and used to threshold
the out-of-sample test data (indicated by †).

Classifier C statistic F1 measure F2 measure F3 measure

F1 Se Sp F2 Se Sp F3 Se Sp

score (%) (%) Score (%) (%) Score (%) (%)

SVM 0.87 0.54 90 76 0.72 95 72 0.82 95 72

SVM† 0.84 91 69 96 66 96 66

RF 0.84 0.51 82 76 0.68 91 70 0.78 93 67

RF† 0.85 87 71 91 66 91 62

RLR 0.86 0.54 81 80 0.69 86 77 0.79 96 62

RLR† 0.82 75 74 81 71 98 56

Figure 5.5 Receiver Operating Characteristic Curves for the SVM, RF, and RLR models for
training data. The out-of-bag samples during training were used to obtain the ROC curve
for RF since the performance on the training data was perfect (1.00). The F1, F2, and F3
scores were computed for every point on the AUC of the training dataset and the thresholds
where the scores were maximum are highlighted.
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The regularised logistic regression model identified two features as non-redundant from

the entire feature set, namely age and SBP. The coefficients of the RLR model are given in

Equation A.1. A similar inference on the most predictive features can be drawn based on

the variable importance plot for the RF as shown in Figure 5.6. The importance plot shows

the mean decrease in accuracy caused by a feature using the OOB samples. The larger the

mean decrease in accuracy, the more important the feature is deemed to be - and according to

Figure 5.6, age was most important followed by SBP.

logit(c) =�5.6554+0.0416⇤Age+0.0132⇤SBP (5.25)

where c is the probability that a patient requires a cholesterol test. c can be thresholded

using the F1 or F3 score depending on the desired emphasis between recall and precision

one wishes to have. Appendix A illustrates the use of this POC approach through worked

examples.

Figure 5.6 Variable importance ranked according to the mean decrease in accuracy (see
Section 5.2.3) using the RF OOB samples. The permutation of age and SBP from the OOB
samples resulted in the largest decrease in accuracy.
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5.4 Discussion

We have shown that in a rural Andhra Pradesh population, the choice of version of WHO/ISH

algorithm is important because there is a 14.5% difference in the predicted risk ranges

between the LI and HI CVD risk charts. We also observed that the mean values of risk

factors (especially SBP) in Table 5.1 are higher as compared to other risk factors in the

chosen APHRI population (Table 4.4). In particular, SBP is close to the cut-off for what is

deemed normal and abnormal as per clinical guidelines. This indicates that it is important

to accurately stratify the risk in order to avoid missing out or under-treating people who

may be at a higher risk and vice versa. The statistical approaches presented here can offer

population-specific insights to resource allocation and cost saving. In countries like India,

the cost of a cholesterol test has been reported to vary between $4 to $30 [143]. Although

the Indian government’s health spending has been increasing, the per capita expenditure is

still only $61 per annum [144]. This implies that cholesterol testing has to be selective when

population-wide strategies such as CVD risk screening are performed. Moreover, access to

POC cholesterol testing is difficult and it is often the most expensive part of the CVD risk

assessment.

There can be substantial treatment implications for patients who are misclassified. If

the HI model is assumed to be more accurate, screening using the LI chart will over predict

risk for people at high CVD risk and we observed 28 subjects (which is 32% of those at

THR according to HI model) to be misclassified as THR. This can have two major adverse

implications in terms of over-treatment and prioritising patients for re-assessment/follow-up.

We estimate the average cost of treating a high-risk patient is Indian Rupees (INR) 15 to

25 per day (or INR 450 to 650 per month). Out of 1.252 billion people in India [145], 368

million (29.4%) are aged over 40 years [146]. From the large-scale data collection described
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in chapter 3, we can estimate at least 15% of those above the age of 40 years (55 million

people) to be at high CVD risk. Therefore, in the worst case, we could have 18 million

people who can be over-treated if the LI risk prediction charts were used, which would result

in an expenditure of INR 8 to 13 billion a month. With a projected 61.5 million cases in

India [147], with over 3 million new cases each year, our approach could potentially save

substantial money in testing and tens of thousands of hours of human labour each year. Of

course, all of this holds good if the WHO/ISH HI chart is more accurate, a premise which is

still to be verified.

The final POC model comprises two features that is desirable in terms of the trade-off

between model complexity, real life use cases, and accuracy, resulting in a parsimonious

model. The variable importance plot (Figure 5.6) from the Random Forest classifier shows

that Age and SBP are much more predictive than other features. Also, smoking status and

gender, though predictive, are removed after L1 regularisation for the Logistic Regression

model. This was performed to constrain the beta coefficients (otherwise susceptible to high

variance) and reduce over-fitting. Furthermore, Age and SBP were consistently identified

(after regularisation) as the only non-zero coefficients across 4-fold cross validation. This

indicates that the inclusion of additional variables is likely to increase model complexity (or

variance) at the expense of minor improvements in accuracy (bias reduction).

The advent of electronic tools such as tablets is an opportunity to package advanced

statistical machine learning algorithms to assist risk predictions at point-of-care. We have

demonstrated a pilot study (Chapter 2) as well as a large-scale baseline study (Chapter

3) that utilises a clinical decision support for minimally trained health workers through

mobile devices for CVD risk prediction and management. Such a mobile based decision

support system could be programmed to identify if the patient would benefit from a choles-
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terol test before the CVD risk was computed. For instance, at point-of-care, the health

worker could perform data collection on the patient’s age (and other demographics) and

blood pressure. The RLR algorithm presented here, which when installed on the mobile

device, could then use the age and SBP data to advise on whether a total cholesterol test

was necessary prior to CVD risk prediction with the WHO/ISH risk prediction charts. This

process for decision support can be understood further through the flowchart illustrated below.

Start

Data collection

(demographics,

risk factors)

Use age, SBP in

POC algorithm

to determine c

is c <= chosen

F
b

threshold ?

LI WHO/ISH

charts suffice

TC test

beneficial

Use HI

WHO/ISH charts

10-year

CVD risk

Stop

yes

no
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One of the main limitations of the work presented here is the fact that the dataset was acquired

from a southern India population which might not be representative of the whole of India

because of the large genetic diversity [148] and socio-economic inequities. However, rural

regions of India are possibly in different stages of epidemiological transition. For instance,

BP levels in Andhra Pradesh are largely identical to those reported in urban India [149][150]

for similar age groups, which suggests that the Andhra Pradesh region is at an advanced

stage of transition. Chow et al. [116] concur with this view by suggesting that rural regions

in India are likely to develop risk factors levels comparable to those recorded in the APHRI

study.

The lack of recorded CVD outcomes in the APHRI study is a barrier to validating both

the LI and HI models of the WHO/ISH risk prediction charts with a gold standard. However,

it is worth noting that there have been few or no large-scale prospective studies with recorded

CVD events in India, especially ones that also record lipid profiles [116]. Also, a large

number of patients in Dataset-1 were of low CVD risk according to the WHO/ISH risk

prediction charts. The WHO/ISH CVD risk prediction charts do not discuss if the LI model

or HI model is more accurate in predicting CVD risk. As has been mentioned, we have made

the assumption that the HI model is more accurate since it requires more information for

prediction, but this assumption does need to be validated.

5.5 Conclusion

In this chapter, we found that the choice of LI or HI WHO/ISH risk prediction charts (for

SEAR-D) was statistically significant for CVD risk prediction in rural Indian residents

(p=0.008;c2=7.03). The LI and HI risk prediction charts misclassified 155 subjects (or

14.5%) relative to each other. In terms of clinical relevance, the LI and HI models disagree

on the THR status of 36 patients (31% of all subjects identified as THR by either model). If
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the HI model is assumed to be more accurate, the LI model is observed to overpredict CVD

risk for THR patients. Our POC test leverages two patient-specific risk factors, namely age

and SBP, that are collected anyway during risk assessment with the WHO/ISH charts. This

could assess the benefit of total cholesterol testing before risk computation and subsequently

pre-determine whether the LI model is preferential to the HI model. The analysis in this

chapter found good discrimination of the POC test with out-of-sample AUCs of 0.85 (RF),

0.84 (SVM), and 0.82 (RLR). The performance of RF on test data shows that at the maximum

F1 score, a sensitivity of 87% and specificity of 71% was achieved while at the maximum F3

score, we obtained 91% sensitivity and 62% specificity. An understanding of the differences

in risk prediction between the LI and HI models, and adoption of a pre-screening POC test to

assess the benefit of a TC test, can aid planning for resource-allocation and saving costs for

large-scale screening programmes.



Chapter 6

Machine learning for CVD risk

prediction using a benchmark dataset

6.1 Introduction

In the last chapter, the non-linear associations between gender and diabetes were observed

in the WHO/ISH risk model. Machine learning methods can model non-linearities in the

data and, if applied properly, provide good generalisation on previously unseen data. When

dealing with datasets where the time to event is of interest, one generally needs to account

for participants who either dropped out early or joined after study commencement or both.

Zupan et al. [151] proposed a weighting technique to handle censored data for machine

learning methods. They used the Kaplan-Meier estimate to derive a distribution of outcomes

for patients who had short follow-up times and did not experience an event. These patients

had two input entries where the corresponding outcomes were weighted according to the

probability of the event and non-event respectively over the entire follow-up period. Although

they could achieve predictive accuracies close to the Cox model, they could not out-perform

it. The work by Kattan [152] arrived at a similar conclusion. They compared Cox regression
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with artificial neural networks and several machine learning techniques, which resulted in

the former providing comparable or superior predictive performance. The authors, however,

expressed their work as ‘an enabling technology’ and suggested further testing on larger

datasets.

Ripley and Ripley reviewed the use of neural networks by comparing it against linear

models in survival analysis using breast cancer and melanoma data [153]. They imposed

differential costs on errors (e.g. imposing penalties twice as high on false negatives as com-

pared to false positives) and found that non-linear methods possessed substantial advantages.

The authors also described ways in which the time to event problem could be reformulated as

a classification problem. In this chapter, we follow one of the suggested approaches, which

is to consider events within a fixed time (10 years).

Vanneschi et al. compared machine learning methods for prediction of survival in breast

cancer patients on gene expression data [154]. They found that Genetic programming

performed well and suggested further investigation of this method for cancer patient clas-

sification using gene expression data. Recent work by Khosla et al. [155] suggests that

different feature selection techniques combined with machine learning classifiers can be used

to achieve better performance than Cox regression, as demonstrated by the authors for the

problem of stroke prediction. However, their result has so far not been replicated in other

datasets.

The aims of this chapter are three-fold. Firstly, we wish to identify and obtain a subset of

highly predictive features that are similar to the type of inputs required by our mobile-based

CDSS, SMARThealth. For example, demographic and basic physiological measurements

such as height and weight were collected with the rationale of being of clinical importance.
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Features similar to height and weight such as waist circumference, neck circumference, or

hip circumference will also be acquired relatively easily. Secondly, the aim is to compare

CVD risk prediction achieved by a standard machine learning approach with established

feature selection techniques, and that obtained with the latest version of the Framingham risk

score (FRS-3) proposed by D’Agostino et al. [88]. After performing feature selection and

building a model to predict CVD, the final aim will be to evaluate the performance of the

model on data acquired from Indian subjects and compared with the FRS-3 risk score and

the WHO/ISH CVD risk prediction charts.

6.2 Methods

6.2.1 Framework for model development

An algorithmic approach to modelling focuses on deriving a function that maps the data to

a response y f (X). A typical two-class classification problem can be formulated in this

context as the occurrence of a CVD event (represented by class 1) or not (class 0) within

a specified time duration (for instance, 10 years). We represent the data through a ‘design

matrix’ X containing n patients and m features, and the outcomes via vector y 2 [0,1].

6.2.2 Data

Data from Exam 6 of the Framingham offspring cohort (or Dataset-2 as detailed in Chapter

4) was considered for analysis. The offspring cohort was chosen for analysis as the 3rd

generation cohort did not record enough events (65 out of 3391) while the original cohort

dataset was collected in 1958, and apart from the lack of heterogeneity in the dataset (on

account of diversity), the availability of parameters like cholesterol was limited during

early Exam cycles. The choice behind the particular Exam cycle is attributed to two major

reasons: firstly because Exam cycle 6 recorded higher event rates (11.35%); and secondly
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because data on family and medical history of the patients were available (which constitute

inputs required in the mobile-based CDSS). Moreover, Exam cycle 6 consists of a large

list of features that are similar to the type of inputs required by our mobile-based CDSS,

SMARThealth. The task at hand is to identify and obtain a subset of highly predictive features.

Exam cycle 6 consisted of 3434 patients out of whom 3040 were free of CVD. 519

variables were recorded that included data on pulmonary function tests and respiratory

surveys. The outcome was whether CVD was developed within 10 years from Exam cycle 6.

After feature selection and development of a prediction model for estimating 10-year CVD

risk, the resulting model was applied to data from rural India (Dataset-1) comprising 1066

patients. The summary of the methodology followed in this chapter is shown in Figure 6.1.

Figure 6.1 Overview of the work presented in this chapter.

6.2.3 Pre-processing

Missing data was imputed using the K-nearest neighbour (KNN) technique. KNN has been

shown to be effective in imputing both discrete values (through selection of the most frequent

value in k-nearest neighbours) and continuous values (through the mean of values in k-nearest
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neighbours) [156]. For simplicity and computational efficiency, k was chosen to be 3. Four

features that had more than 40% of the constituent values missing were removed. The dataset

then comprised 515 variables, out of which 149 features that were similar to the type of input

parameters from Steps 1-4 of the mHealth CDSS were initially chosen to build the design

matrix. This included the family of features under the following categories: family history,

medication history, alcohol consumption, anthropometry, and clinical diagnostic impressions

(CDI). Examples of features selected included waist-to-hip ratio (anthropometry), consump-

tion of units of beer/week (alcohol consumption), cigarette type (smoking status), calcium

channel blockers (CV medication), degenerative joint disease (CDI).

A further 16 features were incorporated into the design matrix including the mean and

standard deviation of all recorded BP measurements; ratios of total cholesterol to HDL,

and waist to hip; combination of medical history of parents (for heart attack, stroke, high

blood pressure, hyperlipidemia); and computation of elevated blood glucose status as per the

American Diabetes Association guidelines [63]. Certain binary features in the Framingham

dataset also encompassed an ‘unsure’ option (and hence three categories - yes, no, and

unsure). Such features were converted to binary values and had an extra 1 assigned where

the option was ‘unsure’ and ‘zero’ otherwise (e.g. smoker = 1,0, non-smoker = 0,0, unsure =

x,1 where x is treated as missing data and imputed as described above).

The design matrix X was normalised using the Z-score normalisation (Equation 6.1),

which for the jth feature is given by

x⇤j =
x j�µ j

s j
(6.1)

where x⇤j is the normalised value of x j, µ j and s j are the mean and standard deviation for the

jth feature, respectively.
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6.2.4 Feature selection

The concept of feature selection was introduced in the previous chapter (Section 5.2.2).

Building a prediction model with large number of features (such as the 519 features in the

dataset) may not be optimal because of the curse of dimensionality. A reduced feature set

offers more clarity on the covariates through analysis of the most predictive features [157].

In order to achieve a reduced feature space, we may resort to either feature transformation or

feature selection. Feature transformation involves combining features linearly or non-linearly

to a create a new feature space that is a condensed representation of a few or all of the original

features. A subset of the new feature space may then be chosen for classification. Examples

of feature transformation include Principal Component Analysis (PCA) and factor analysis.

Feature selection, on the other hand, reduces the feature space through selection of an

optimal subset of predictive features from the original features. That is, given m features,

the job of a feature selection technique is to pick a subset mred such that mred < m. Feature

selection techniques may be largely classified into two types - Wrappers and Filters, and

sometimes a third category called Embedded techniques is also used. Wrappers incorporate

a learner to perform subset selection while filters tend to extract the information content

using common statistical metrics such as correlation or mutual information. An example of a

filter method is the maximum relevance minimum redundancy approach [122] which was

described in the previous chapter. mRMR only uses an information measure, and is defined

as

mRMR = max
S

8

<

:

1
|S| Â

fi2S
MI(fi;c)� 1

|S|2 Â
fi,f j2S

MI(fi; f j)

9

=

;

(6.2)

where S is the feature set, I is the mutual information between feature fi and class c or

between features fi and f j.
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Embedded methods use a classifier as part of the feature selection process (e.g. forward

selection with an ensemble of decision trees) and most often combine filter and wrapper

methods. In this chapter, four other widely used filter and wrapper methods (namely the

Gram-Schmidt Orthogonalisation (GSO), RELIEF criterion, Elastic Net, and sparse Linear

Discriminant Analysis) were chosen as feature selection techniques in addition to mRMR.

The techniques are advantageous on account of their simplicity and effectiveness [157].

Gram-Schmidt orthogonalisation

GSO is a sequential forward feature selection technique [158]. The set of selected

features is empty initially with the error being maximum. At every step, the feature that

results in the greatest decrease in the error is added, and this process is repeated until the

significant decrease in error is not observed with feature addition. To perform this, the feature

that describes the outcome the most is selected by computation of the smallest angle of

that feature with the outcome vector in N dimensional space of the given samples. This is

achieved by

Cos2 (xi,y) =
(xi . y)2

kxik2kyk2 (6.3)

where xi is the vector for feature i, y is the outcome vector, kxik2 is the square of the

Euclidean norm of xi, and kyk2 is the square of the Euclidean norm of y. The Euclidean

norm (or L2 norm) is used since it represents the notion of the length of a vector (in this case

the magnitude of each feature). The information that overlaps between the outcome and the

remaining features is discarded subsequently through their projection on to a null subspace of

the selected feature, and is given by xi,new = xi�projw1(xi) where w1 is the space spanned

by y and proj(xi). GSO is conceptually similar to mRMR in the sense that at every step, the

feature added is most correlated with the outcome and least correlated with all other features.

Using an orthogonal transformation ensures that features are decorrelated which implies that

each feature can be evaluated independently.
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RELIEF

This is a feature weighting technique that is based on choosing k closest neighbours that

are randomly selected for a Nearest Hit (NH) or Nearest Miss (NM). Let us consider this

in the case of feature selection for a binary classification problem. Upon random selection

of a sample x belonging to dataset X, a same-class instance that is closest (as measured by

Euclidean distance) is labelled as the nearest hit while an instance of different class that is

closest is called a nearest miss. A weight vector that is updated for every randomly sampled

case, is given by

Wi = Wi� (xi�NHi)
2 +(xi�NMi)

2 (6.4)

A feature’s weight is increased whenever it differs much more for k nearest instances of sam-

ples from the other class (e.g. class 0) in comparison to k nearest instances of the same class

(e.g. class 1). After m iterations, we obtain the relevance metric given by R = W/m. The

key advantages of RELIEF are its robustness to feature interactions, usage of few heuristics,

high noise-tolerance and computational efficiency. The main disadvantage is that it generates

a measure of relevance without taking into account redundancy [159].

Elastic net

Zou and Hastie [160] proposed a regularization method for the class of generalised linear

models (GLM) [161] that linearly combines the L1 and L2 penalties in the LASSO and

RIDGE regression [132] techniques, respectively. They defined a minimisation problem of

the b coefficients with l1 and l2 penalties as

b̂ = argmin |y�bX|2 +l2|b |2 +l1|b |1 (6.5)

where |b |2 = Âm
j=1 b

2
j and |b |1 = Âm

j=1
�

�

b j
�

�. In practice, the terms l1 and l2 are combined

to form a parameter a = l2
l2+l1

. When a is introduced in 6.5, the optimisation problem
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becomes

b̂ = argmin |y�bX|2 ,constrained bya|b |2 +(1�a)|b |1  t; for a defined t (6.6)

It may be observed that when a = 0, the equation reduces to the LASSO technique [132].

Whilst LASSO is excellent for building sparse models [162][160], it has two main limitations:

first, when m > N, LASSO selects m variables at most; and second, from amongst a group

of correlated variables, LASSO tends to select one variable and ignore the others [160].

When a = 0.5 as in the Elastic net technique, the effects of both L1 and L2 penalties are

interspersed equally. While the L1 penalty acts in favour of a sparse model, the L2 penalty

encourages a grouping effect thereby removing restrictions on the number of selected features.

This may be visualised in 6.2.

Figure 6.2 Illustrating the contours of LASSO, RIDGE, and Elastic Net regularisation
techniques. Elastic Net results in convex edges and singularities at vertices, with the degree
of convexity specified by a .

Sparse Linear Discriminant Analysis

Linear Discriminant Analysis (LDA) is a method of classification that relies on max-

imising the within-class scatter and between-class scatter through projecting the data onto a
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low-dimensional space. This is computed by obtaining the eigenvectors and eigenvalues of

class-specific scatter matrices. A subset of eigenvectors with large eigenvalues are chosen

to derive a transformation w, and therefore Xnew = wT .X. Secondly, an optimal w that

maximises the separation between scatter matrices is computed by an objective function that

defines the distance between projected sample means as

J(w) =
|µ̄1� µ̄2|2

s̄1
2 + s̄2

2 (6.7)

where µ̄1 and µ̄2 are multidimensional sample means for classes 1 and 2, while s̄1 and s̄2

are the respective standard deviations. To maximise the objective function, J(w) can be

expressed in terms of w as

J(w) =
wT .SB.w
wT .SW .w

(6.8)

where SW is the within-class scatter matrix and SW = S1+S2 and Si =Âx2wi(x�µi)(x�µi)T ;

SB is the between-class scatter matrix given by SB = (µ1�µ2)(µ1�µ2)T .

d
dw

J(w) =
d

dw
wT .SB.w
wT .SW .w

= 0 (6.9)

The solution for the above equation is S�1
W .SB.w � J.w = 0 which implies w = S�1

W (µ1�

µ2). Clemmensen et al. [163] imposed an elastic net penalty thereby enabling feature

selection and classification with a sparse LDA (sLDA) classifier. LDA does not however,

perform well if separation between the classes requires a non-linear boundary or if the

discriminatory information is not encoded in the sample mean but in the variance [163]. A

central assumption in LDA is that of normally distributed data with a common covariance

matrix between two classes [164].

The process of feature selection (explained in Figure 6.3) was performed using four-fold

cross validation where the data split into a training set and held-out set. Three filter methods
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1: procedure FEATURE SELECTION
2: Given data X of n patients and m features
3: repeat
4: for k = 1:K
5: Apply desired feature selection technique FS(X) on all subjects except those

in the kth fold.
6: Obtain ranks or 1...l positions, where l is the number of positions of interest

(or ranks) for each feature.
7: Obtain matrix Mk,l representing feature indices across k folds and l positions.
8: end for
9: until r 21,...,T

10: Compute the frequency of occurrence (FREQ) from the derived subset of the features
U that make up top P positions across T repetitions.

11:

FREQi, j =
1
T

T

Â
r=1

1
K

K

Â
k=1

C(i, j,k) (6.10)

12: where i 2 (1,U), j 2 (1,P), k 2 (1,K) and
13:

C(i, j,k) =

(

1, Mk, j == i
0, otherwise.

(6.11)

14: end procedure

Figure 6.3 Process of feature selection

(mRMR, GSO, RELIEF) and two wrapper techniques (Elastic net, sLDA) were applied on

the training set which had data from all folds except the kth fold (see Section 5.2.4 of the

previous Chapter 5 for description of k-fold cross validation). A list of features that were

selected in the top 10 positions over T =10 repetitions of this process for each technique was

computed.

6.2.5 Classification techniques for detecting CVD events

Two classification techniques were chosen - a standard baseline approach with a probabilistic

framework for classifying binary outcomes namely Logistic regression (LR), and an ensem-

ble classification technique, Random Forests (RF). RFs offer advantages such as robustness

to outliers and missing data, fewer tuning parameters, automatic determination of feature
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importance, and high classification accuracy [165]. For more detail on LR and RFs, see

sections 5.2.3 and 5.2.3 from the previous chapter 5. To handle the dataset imbalance arising

on account of the low occurrence of CVD events in 10 years (11.35%), the RF classifier was

programmed such that the two classes were weighted in proportion to the event rate. This

influences the predictions by penalising mis-classifications in the minority class more than the

majority class by a factor proportional to the inverse of the event rate. In LR, class-imbalance

has an effect on the intercept of the model alone [166]. This may be advantageous, as we shall

explore in the discussions section, on how the model can be affected by different incident

rates (which consequently determine the proportion of the two classes)

6.2.6 Evaluating model performance-Discrimination

The performance of a classifier is usually described in the literature using two characteristics -

discrimination and calibration. The discriminative power is the classifier’s ability to separate

outcomes, such as those who experience a CVD event from those who do not. A probabilistic

output can be generated from the classifiers (LR and RF), with a threshold selected to convert

to binary outputs. This can be compared with the observed outcome to derive additional

discriminative metrics such as the predictive accuracy of the classifier. In order to achieve

this, we first compare the binary output to the observed outcome and subsequently classify

the predicted value as a true positive (TP), a false positive (FP), a true negative (TN) or a

false negative (FN).

A true positive occurs when a patient who has a CVD event is correctly classified. The

true positive rate or sensitivity is the proportion of correctly identified subjects with CVD

amongst all observed positive cases. A true negative is a correct rejection of subjects without

CVD. A false positive, also known as a Type 1 error, is the incorrect identification of a patient
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without CVD. A false negative or a Type 2 error, is the incorrect rejection of a patient with

CVD. Specificity is the proportion of correctly rejected cases amongst all observed nega-

tive cases. The accuracy is the proportion of correctly identified CVD cases amongst all cases.

Area Under Receiver Operating Characteristic

Variation of the sensitivity against (1-specificity) over the continuum of thresholds gener-

ates a Receiver Operating Characteristic (ROC) plot. It indicates all possible combinations

of sensitivity and specificity for a classifier from which appropriate thresholds or operating

points may be selected according to the clinical need. For instance, diagnostic tests at the

primary care level often prefer a higher sensitivity to specificity. This is because it is often

better to tolerate a type 1 error (false positive) than a type 2 error (false negative).

A line defined by sensitivity and specificity of 0.50 connects (0,0) to (1,1) of the ROC

plot. The discriminative power conveyed by this line is that of chance (or a random guess).

The ideal classifier would generate an ROC curve towards the top left corner (0,1) of the

ROC curve. Integration of the ROC curve results in the Area under the receiver operating

characteristic (AUROC, or simply AUC), which measures the discriminative ability of a clas-

sifier under all thresholds. In CVD risk prediction literature, the AUROC is also referred to as

the c-statistic and is the most widespread measure for reporting discrimination [81]. AUROC

can also be interpreted as a measure of the probability that a patient who develops CVD has

a higher risk score than the probability of patient who does not develop CVD, i.e. P(y1i > y0i).

Class-imbalance occurs when the proportion of samples from a certain class is much

greater than the other (in case of a binary classification task). The AUROC is a measure

that is less sensitive to class imbalance as opposed to commonly used metrics like accuracy,

Cohen’s Kappa etc [136].
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6.2.7 Evaluating model performance-Calibration

A classifier’s calibration is an assessment of the how close the estimated probabilities are to

the observed outcomes. For instance, the subgroup of patients with high CVD risk should

correspond to these with higher incidence of CVD.

Hosmer and Lemeshow [167] proposed statistical tests to measure the goodness-of-fit

of a model. The procedure for computing the statistics involves the estimated or predicted

probabilities from the model, and the observed events. Firstly, the estimated probabilities

are ordered according to increasing risk, and grouped into deciles. A comparison is then

performed between the observed outcomes and estimated probabilities for each decile, as

given by

HLĈ =
D

Â
j=1

(O j�E j)

n j p j(1� p j)
(6.12)

where D is the number of bins, which is equal to 10 when split into deciles, O j is the observed

number of events at bin j, E j is the number of estimated events at bin j, p j is the average

of predicted probabilities for the positive class (that is, for a CVD event) in bin j, and n j is

the number of subject in bin j. A p-value can be obtained that assesses the calibration of the

model. A statistically significant model indicates poor calibration. The HLĈ metric relies on

the premise that equal numbers of patients are distributed across deciles. A modification of

the Hosmer-Lemeshow uses deciles of risk, i.e. 0-10%, 10-20%, ... and is known as the HLH

statistic. Kramer et al. [168] demonstrated that the Hosmer-Lemeshow statistic, which was

tested with 200 samples in the original paper, is extremely sensitive to the sample size when

calibration is not perfect, which is practically the case in most models.

Log-Likelihood The Hosmer-Lemeshow statistic has come under criticism for its sensitiv-

ity to the dataset size [169]. An alternative to this is the log-likelihood score which indicates

both calibration and discrimination. For a binary classification problem, the log-likelihood is
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defined as follows

L (b |x) =
N

Â
i=1

yilog(pi)+(1� yi)log(1� pi) (6.13)

=
N

Â
i=1

yi(b0 +
K

Â
j=1

b jx j)+
N

Â
i=1

log(1� pi) (6.14)

Brier Score Another metric that can provide a measure of both calibration and discrimina-

tion is the Brier Score (Br). It is calculated as the squared difference between the expected

and observed outcomes as follows

Br =
N

Â
j=1

(ŷ j� y j) (6.15)

Brier scores are easy to implement, interpret, and the lower the brier score, the better is the

calibration and discrimination of a predictive model.

6.3 Results

6.3.1 Feature selection

Table 6.1 describes results from the feature selection process that was previously described in

Figure 6.3. The 29 features that appeared at least 70% of the time within the top 10 ranking

for any feature selection technique are highlighted in blue. 8 features that appeared 60%

or higher for more than 1 feature selection technique and within the top 10 ranking, are

illustrated using a red font. The thresholds employed were heuristic but in tune with the aim

to not select too few features (high threshold) nor too many features (low threshold). The

8 features were age, gender, glucose, high density lipoprotein (HDL), SBP1, Mother-died

of heart disease, waist-hip ratio, cardiovascular medication - calcium channel blockers,

medication - oral hypoglycaemics. It is interesting to observe that our feature selection
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process selected waist-hip ratio instead of the traditional BMI. The waist-hip ratio has been

reported as a key indicator for abdominal obesity [170] [171], which is strongly associated

with the development of type-2 diabetes [172] and acute myocardial infarction [173].

Table 6.1 Features that appeared in the top 10 positions on application of the five feature
selection techniques. Cells coloured in blue highlight those features that appeared 70% or
more within the top 10 ranks of at least 1 feature selection technique. Features with a red
font colour were those that appeared 60% or more within the top 10 ranks of at least 2 feature
selection techniques. Terminology: HDL - high density lipoprotein; SBP - systolic blood
pressure (different BP measurements are suffixed by the order of measurement, e.g. SBP1,
SBP2, and SBP3); DBP - diastolic blood pressure; HBP - high blood pressure; hdDeath -
death due to heart disease; CV - cardiovascular

mRMR GSO RELIEF Elastic Net sLDA

Risk Factors

Age 100 100 100 100

Gender 3 99 100

Glucose 93 83 100

TC-HDL Ratio 4 3 10

HDL 100 97

Elevated BP 4

Hypertension 82

SBP1 100 65 16

SBP2 22 10

SBP3 94

DBP1 100 2

DBP2 75

DBP3 100

meanSBP 100 5 14

stdDBP 26

BEER-NUMBER OF DAYS DRINK PER WEEK 35 60 2

Family History

FATHER-EVER HAVE HIGH BLOOD PRESSURE 2 7

FATHER-EVER HAVE HIGH BLOOD CHOLESTEROL 8 18 1

FATHER-EVER HAVE DIABETES MELLITUS 33 1

FATHER-DIE OF HEART DISEASE 52

MOTHER-EVER HAVE HIGH BLOOD PRESSURE 6

MOTHER-EVER HAVE DIABETES MELLITUS 4

MOTHER-DIE OF HEART DISEASE 80 100 99

Family history HBP 80

Family history hdDeath 86 10

Medical History - Clinical Diagnostic Impression

CDI-RHEUMATIC HEART DISEASE 37

CDI-OTHER PERIPHERAL VASCULAR DISEASE 38

CDI-PARKINSONS DISEASE 12

CDI-URINARY TRACT DISEASE 2

CDI-PROSTATE DISEASE 45 100 18

CDI-RENAL DISEASE 4 17

Continued on next page
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Table 6.1 – continued from previous page

mRMR GSO RELIEF Elastic Net sLDA

CDI-EMPHYSEMA 2

CDI-CHRONIC BRONCHITIS 25

CDI-GOUT 27 6

CDI-DEGENERATIVE JOINT DISEASE 100 22

CDI-OTHER NON CV DIAGNOSIS 26

Smoking

SMOKED CIGARETTES REGULARLY IN LAST YEAR 1

HOW MANY CIGARETTES SMOKED PER DAY 1

CIGARETTE STRENGTH 18

CIGARETTE TYPE 97 13

CIGARETTE FILTER 1

CIGARETTE LENGTH 41

SPOUSE-PIPES/DAY AT HOME 10 7

Current Smoker 1

Anthropometry

Neck-circumference 1 9 99

Waist-Girth 1 9 88 99

Hip-Girth 90

Thigh-Girth 5

Knee-Height 100

Waist-Hip Ratio 100 3 100

Medication history

TAKE ASPIRIN REGULARLY 20

ASPIRIN FREQUENCY 14

USUAL ASPIRIN DOSE FOR ABOVE 2

CV MEDS - LONGER ACTING NITRATES 1

CV MEDS - CALCIUM CHANNEL BLOCKERS 66 100 19 100

CV MEDS - THIAZIDE DIURETICS 62

CV MEDS - POTASSIUM SUPPLEMENTS 1

CV MEDS - RENIN-ANGIOTENSIN BLOCKING 100

CV MEDS - PERIPHERAL VASODILATORS 100

CV MEDS - OTHER ANTI-HYPERTENSIVES 9

CV MEDS - ANTIPLATELET 100

TREATMENT FOR BLOOD PRESSURE 19

MEDS - ANTI-CHOL -NIACIN/NICOTINIC ACID 1

MEDS - ANTI-CHOL -STATINS 1 4

MEDS - ANTIGOUT-COLCHICINE 6

MEDS - THYROID EXTRACT 1 8

MEDS - ORAL HYPOGLYCAEMICS 36 99 92

MEDS - ANALGESIC-NARCOTICS 31

MEDS - ANTI-PARKINSON DRUGS 2

6.3.2 Model performance

A total of 3040 patients with the 8 features chosen from the feature selection process was

utilised to build a prediction model (herein referred to as ‘Model 1’) using the RF and RLR
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classifiers. A plot of the features included in Model 1 versus obtained AUCs that describe

model performance is shown in Figure 6.4, which also illustrates performance on the held out

fold from a 4 fold cross validation procedure on Exam 6 of Framingham Offspring cohort.

The increase in AUC with addition of features can be observed. Also, an AUC close to 0.70

can be achieved with LR with only age and gender included as features. The LR classifier

interestingly performs better than the more recent RF classifier. The RF technique does not

perform as well as LR with fewer features. However, it is comparable when the number of

features is increased. Although the performance of classifiers is data-dependent and RF has

traditionally shown achieved performance than LR [174], standard baseline techniques such

as LR have not always underperformed in comparison to RF [175]. The performance of LR

in Model 1 when compared to the FRS-3 simple (LI) and main (HI) versions in the held out

data (Exam 6) is only marginally superior.

Age Gender Glucose HDL SBP1 Mother−HDdeath Waist−hip Ca−blockers Oral−hypoglycemics Current Smoker0.5

0.55

0.6

0.65

0.7

0.75

0.8

Feature

AU
C

 

 

Logistic Regression
Random Forest
Framingham Simplified (Cox)
Framingham Main (Cox)

Figure 6.4 Comparison of AUCs of the FRS-3 simple and main risk scores with LR and
RF classifiers of Model 1. The performance on held out data during 4 fold cross validation
is shown. Features on the x-axis are listed in a cumulative manner. The Framingham risk
scores use different feature sets and their reported AUC has no corroboration with the
features on the x-axis (and therefore is shown as a flat line).

Table 6.2 describes the performance of Model 1 and two versions of the FRS-3 on held

out data (Exam cycle 6).
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Table 6.2 Classification results on the held out fold from a 4 fold cross validation procedure
on data from Exam cycle 6. All 8 features that were selected were used in Model 1.
Although Model 1 has higher AUC and higher log-likelihood scores in the held out folds, the
performance is not substantially better than either version of FRS-3. The RF performance is
inferior to the LR performance.

Classifier Held out folds

AUC Brier score Log-Likelihood

Model 1 LR 0.748 ± 0.026 0.093 ± 0.004 -239.994 ± 9.596

RF 0.709 ± 0.036 0.097 ± 0.004 -251.314 ± 10.083

Framingham FRS�3simple 0.720 ± 0.009 0.097 ± 0.001 -251.704 ± 4.323

Risk Score FRS�3main 0.729 ± 0.013 0.095 ± 0.001 -247.043 ± 4.008

In Section 4.4 of Chapter 4, a comparison of the WHO/ISH charts and Framingham

risk scores (FRS-3) was performed. Here the comparison is extended to include Model 1.

The performances of the LR classifier of Model 1 and the two versions of the Framingham

risk score (FRS-3), against the WHO/ISH high information (HI) risk prediction charts are

shown in Figure 6.5. The risk prediction algorithms were then applied to the data from

rural India (Dataset-1). Standard error metrics such as mean absolute error (MAE) and

root mean squared error (RMSE) were used. MAE is computed as 1
N ÂN

t=1 |yt � ŷt |, while

RMSE is computed as
q

1
n Ân

t=1(yt� ŷt)2, where yt is the WHO/ISH HI risk score and ŷt is

the risk score computed by Model 1 or FRS-3 main or FRS-3 simple. It is observed that the

comparison between Model 1 and the WHO/ISH HI risk score resulted in the lowest MAE

of 11.79 and RMSE of 13.59 when compared to FRS-3 main versus WHO/ISH HI (MAE-

13.62; RMSE-16.47) and FRS-3 simple and WHO/ISH HI (MAE-13.49; RMSE-16.50). The

differences in calibration can also be visually inspected in Figure 6.5. The scatter plot of a

perfectly calibrated model would lie along the diagonal line which indicates the agreement of

predicted probabilities of both models. It is clear from the plots (B and C) of either version

of FRS-3 against WHO/ISH HI, that the scatter points are aligned between 0 to 20% for both
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FRS-3 scores irrespective of the WHO/ISH HI risk score. The scatter points in plot A of

Model 1 versus WHO/ISH HI seem to align better along the diagonal line.
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Figure 6.5 Performance of Model 1 (plot A), FRS�3main (plot B), and FRS�3simple (plot
C) with the WHO/ISH high information charts on data from rural India. Both versions
of the FRS�3 have higher MAE and RMSE, and do not show good calibration with the
WHO/ISH HI risk prediction charts as compared to Model 1.

6.4 Discussion

Features were selected that were highly predictive of CVD risk. Comparing the 8 features

used for building Model 1 with Table 4.1 in Chapter 4 that summarised features used in major

CVD risk prediction algorithms in the literature, it can be seen that waist-to-hip ratio, CV

medication - calcium channel blockers, and oral hypoglycaemics do not figure as features

in any major algorithm. However, their relevance to CVD risk has been mentioned in the

literature. For instance, the waist-to-hip ratio has been shown to be significantly associated

with incident CVD risk [176]. Calcium channel blockers are also known to be an effective
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treatment option for hypertension and CVD risk as they can be administered as monotherapy

or in combination therapy and is well-tolerated [177]. Also, there is evidence that oral

hypoglycaemics contributes to CVD mortality and/or morbidity [178]. The LR classifier of

Model 1 has higher AUC and log-likelihood scores than the two versions of FRS-3. However,

the performance is not substantially better than either of these two models. This may be

attributed to two factors. Firstly, the usage of cross-sectional data (as opposed to utilising

data over time) for prediction of CVD risk in Model 1 because of the reasons outlined in

Section 6.2.2. Secondly, FRS-3 was trained on the cross-sectional dataset that was used

in this analysis which biases the comparison. However, as in the literature on CVD risk

prediction algorithms described previously in Chapter 4, the AUCs obtained by Model 1

and FRS-3 are consistent with the reported AUCs of various studies that have validated the

Framingham risk score [179][180].

It was previously detailed in Chapter 4 that Cox regression was the most widely used CVD

risk prediction technique. Although Cox regression can help identify the time to CVD event,

for our purposes, as the prediction period (within 10 years) was fixed and cross-sectional

data (which does not require censoring) was used, LR is a suitable classification technique.

Also, the exact time of development of a CVD event is not as important as the probability of

risk within a specified time period. One of the key difference between the two techniques is

that the Cox regression specifies the instantaneous risk (or hazard) while LR specifies the

proportion of patients at risk (by the odds ratio).

Another interesting point of discussion is that the contribution of age and gender alone

can lead to an AUC close to 0.70, as was demonstrated with the LR classifier of Model 1.

The addition of other parameters derived after a feature selection process only provides a

relatively minimal improvement. This finding, however, is consistent with those reported
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in article by Wald et al. [181], who claimed that CVD risk screening when performed

exclusively with age offered a cost-effective method, with a performance similar to that of

FRS-3. Their conclusion caused much skepticism and was reported as both ‘radical’ and

‘unsurprising’ [182]. Closely aligned with this finding is the research on a ‘poly-pill’ for CVD

management. The poly-pill is a combination of statins, aspirins, blood pressure lowering

drugs, and folic acid which has been manufactured in India [182]. Whilst two clinical trials

have shown its effectiveness in lowering multiple risk factors such as blood pressure and

LDL cholesterol [183][182], the poly-pill is a subject of active research on public health and

preventive strategies for lowering the burden of CVD. Further details can be found in the

article by Lonn et al. [184]. It should be mentioned that the approach based on age alone for

mass drug administration, such as everyone above 55 years being prescribed a poly-pill, has

come under criticism (refer to the discussion in the article by Smith et al. [182]). The mere

use of age, or age and gender for CVD risk screening is a complex question with a latency

between evidence and action [182].

Model 1 has lower MAE and RMSE than FRS-3 on data from rural India when the

WHO/ISH HI is used as the basis for performing a comparison. The WHO/ISH risk predic-

tion charts are tailored for CVD risk prediction in India as we have previously described.

The 10-year probabilities of CVD risk from Model 1 could be ‘re-calibrated’ to rural India.

The task of recalibrating a risk model for India is motivated by the fact that there is a lack of

cohort data with recorded outcomes on CVD in India. A first approach to improve generali-

sation would be to modify the prognostic model for the target population [185]. Techniques

for recalibration of a prediction model particularly to applications in primary care can be

categorised into three [186]: recalibration by region, recalibration by ethnicity, or inclusion

of additional features. As mentioned in Section 4.2.4 of Chapter 4, recalibration by ethnicity

has been performed most notably on the Framingham and QRISK scores for ethnic minorities
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in USA and Britain. For instance, Aarabi and Jackson [187] recommend increasing the

age by 10 years when calculating the CVD risk of south Asians. A prominent example of

region-specific recalibration are the WHO/ISH CVD risk prediction charts. Although little

is known about the methodology of development, the charts utilise data from the Global

Burden of Diseases study [117] in order to adapt the charts to different regions [186].

The Framingham risk score for prediction of Coronary Heart Disease (CHD) by Wilson

et al. [87] (described previously as FRS-2) has been adapted for different regions of the world

including Spain [188] and India [189]. The recalibration techniques rely on incorporating an

adjustment of two factors - the prevalence (the number of individuals who have existing CHD

in a population) and incidence (the number of individuals who will develop CHD within

a given period). FRS-2, which was based on Cox regression, was adjusted for incidence

through substitution of the baseline hazard and for prevalence through subtraction of the

mean values of the model covariates in the exponentiation factor.

Although recalibrated models for CHD exist, they are limited for CVD. In the CHD

recalibration process in India, the authors obtained data from mortality records to record

incidence rates. A similar data collection approach is cumbersome for CVD because it

encompasses a multitude of diseases including cerebrovascular diseases, peripheral vascular

diseases etc. and acquisition of accurate data for causes less well understood in rural regions

is challenging. Recalibration by additional risk factors is based on the premise that inclusion

of extra features would explain population differences. The premise of this assumption has

not been justified by concrete evidence but studies have shown different risk factors to be

more predictive in certain populations [190].
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Given a matrix of M features and N patients, and a vector of 10-year CVD outcomes y,

we first consider the task of training a parametric model that generates b coefficients. In

the Framingham dataset, it is straightforward to build a prediction model since we have no

unknown entities unlike data from rural India (where outcomes are unknown). The lack of

published data on incidence rates is limited. Moreover, there is likely to be an enormous

variation across regions in India as exemplified by Chow et al. [189] who compared national

statistics with regional statistics for CHD incidence and found a vast difference. Yusuf et

al. [191] reported an income-adjusted rate of a major CVD event across four low-income

countries which included India, Pakistan, Bangladesh, and Zimbabwe. If we assume that the

strength of association between the features are the same across both populations, the external

piece of information on incidence rate can be used to perform a first-order recalibration of

the Framingham model and adapt it for India.

The 10-year probability of CVD risk from the LR classifier of Model 1 for a patient i is

given by

p̂i = logit�1(b f rs +b1X1 + ...+bmXm) (6.16)

To recalibrate this equation to rural India, an unknown constant bin may be added to obtain

p̂i = logit�1(bin +b1X1 + ...+bmXm) (6.17)

Although individual patient outcomes on data from rural India are unknown, the overall

incidence can be utilised when we consider the sum of all predicted probabilities of the
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patients. For N patients, we define

N

Â
i=1

p̂ = Incidence rate ⇥N (6.18)

Incidence rate ⇥N =
N

Â
i=1

logit�1(bin +b1X1 + ...+bmXm) (6.19)

A large baseline dataset (Dataset-3) with 62149 participants was used to perform the

recalibration but the following features were excluded from the logistic regression equation

because of lack of information in the dataset: HDL, waist-hip ratio, and mother-died due

to heart disease. The value of the recalibrated intercept, bin was obtained to be -5.9 while

the intercept from the LR equation of Model 1 that is tuned to the data from Exam 6 of

the Framingham study, b f rs, is -6.6. The effect of these intercept values on the number of

people who will be experience a CVD event in rural India is shown in Figure 6.6. The values

of coefficient bin and the intercept for Model 1, b f rs are marked on the sigmoidal curve in

Figure 6.6. If the LR equation of Model 1 is used with bin =�6.6, then 4530 people out of

62149 will experience a CVD event in 10-years. However, if bin =�5.9 of the recalibrated

equation is used, 7808 people will develop CVD in 10 years. This recalibration is, of course,

sensitive to the external information on incidence rate used. The fact that the incidence rate

has been generalised to four low-income countries may not be accurate for rural India.

The recalibration accounts for an offset for predicted probabilities but also relies heavily

on the strong assumption of identical b coefficients. For example, the dataset descriptions in

Chapter 4 reveal substantially higher smoking rates for males yet lower for females in rural

India when compared to the Framingham dataset. However, given the limited availability

of recorded CVD events in rural India, this approach may be preferential to an uncalibrated

model.
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Figure 6.6 Illustrating the variation of the recalibrated intercept value and the subsequent
effect on the number of people who will develop CVD in 10 years in India. The two points
marked show that if an intercept of -6.6 was considered, 4530 people will develop CVD in
10 years in rural India while if an intercept of -5.9 was considered, 7808 people will develop
CVD in 10 years.

6.5 Conclusion

Eight highly predictive features were identified from Exam cycle 6 of the Framingham

Offspring cohort, which were similar to the type of inputs required by our mobile-based

CDSS, SMARThealth. The prediction model subsequently built using the 8 features, Model

1, performed comparably to the two versions of FRS-3 as exemplified by higher or equal

AUC (0.748±0.03 for Model 1; 0.720±0.01 for FRS-3 simple; 0.729±0.01 for FRS-3

main), higher log-likelihood score (-239.99±9.59 for Model 1; -251.70±4.23 for FRS-3

simple; -247.04±4.00 for FRS-3 main), and lower Brier score (0.093±0.004 for Model 1;

0.097±0.001 for FRS-3 simple; 0.095±0.001 for FRS-3 main ). The strong contribution

of age and gender alone was found to lead to an AUC close to 0.70, as was demonstrated

with the LR classifier of Model 1. Model 1 had a lower error rate (lower MAE-11.79 and

RMSE-13,59) and better calibration when compared to the two versions of FRS-3 when

applied on data from rural India. This analysis was performed with the WHO/ISH high

information charts as the benchmark algorithm. A first-order recalibration for Model 1 was

presented as an approach to provide a tailored risk prediction equation to rural India.



Chapter 7

Unsupervised CVD risk model for rural

India

7.1 Overview

In the previous chapter, an approach to a first-order recalibration of a CVD risk equation

for rural India was presented. Although the recalibration adjusted for the difference in

incidence rates (or the number of people who will develop CVD within a specified time

period) between the two populations we considered, namely those in the datasets from rural

India and Framingham, USA, it did not account for differences in the prevalence of key

CVD risk factors between the populations. Given the lack of cohort data with recorded

CVD outcomes in rural India, an unsupervised clustering approach may be more suitable

to distinguish patients at high CVD risk from those with intermediate/low CVD risk. The

aim of this chapter is to investigate whether the key features such as age, blood pressure,

smoking status etc. cluster according to CVD risk. A subsidiary aim is to find out whether

the clustering is consistent across both the rural Indian and Framingham populations.
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7.2 Data description

Data was chosen from the Framingham study and the SMARThealth-baseline study, both

of which were described in detail in Section 4.3.1 of Chapter 4 as Dataset-2 and Dataset-3,

respectively. Across both datasets, subjects with CVD at baseline (previous event) were

excluded from analysis because according to clinical judgement, those who had experienced

an adverse CVD event remain classified as high risk for life. In the Framingham study, the

3040 subjects from exam cycle 6 who were free of baseline CVD were selected (out of the

total 3454 subjects). We shall refer to the set of 3040 patients as the Framingham dataset.

The SMARThealth-baseline study registered 62,194 participants of whom 59027 had no

previous history of CVD. We shall refer to the data from the SMARThealth-baseline study as

the rural Indian dataset. CVD events at the end of 10 years after baseline data collection

were available only for the Framingham study. The number of adverse CVD events in the

Framingham dataset across a 10-year period is shown in Table 7.1. The adverse CVD events

included the following conditions: coronary heart disease, myocardial infarction, angina

pectoris, coronary insufficiency (unstable angina), cerebrovascular accident, and transient

ischaemic attack.

Table 7.1 Rate of CVD events across 10 years in Exam 6 of the Framingham offspring dataset
(Nf = 3040). The event rate is includes the events up to and including the stated year.

Year CVD events, n (%)
1 34 (1.1)
2 72 (2.4)
3 106 (3.5)
4 125 (4.1)
5 172 (5.7)
6 206 (6.8)
7 246 (8.1)
8 281 (9.2)
9 314 (10.3)
10 345 (11.3)
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The previous chapter discussed selection of highly predictive features for CVD risk.

However, in the rural Indian dataset, features such as wasit-hip ratios could not be measured.

Therefore seven features that were key CVD risk factors and measured consistently across

both the Framingham and rural Indian datasets were chosen for analysis. The feature set

included age, gender, systolic blood pressure (SBP), diastolic blood pressure (DBP), an-

tihypertensive therapy, diabetes status, and smoking status. The reason for the inclusion

of both SBP and DBP was exclusively because of the physiological importance of both

BP components. According to Strandberg and Pitkala [192], the inclusion of both SBP

and DBP improves CVD risk prediction although they recommend that SBP should be the

exclusive target of antihypertensive therapy. Franklin et al. [193] also found that prediction

of cardiovascular disease risk improved when both DBP and SBP were included even though

SBP was a better predictor of CVD risk than DBP. Furthermore, the JNC 7 report (Seventh

Report of the Joint National Committee on Prevention, Detection, Evaluation, and Treatment

of High Blood Pressure) [64] advised inclusion of both SBP and DBP in the definition as

well as the management of hypertension. Schillaci et al. [194] in their article on whether

DBP should be discarded whilst assessing CVD risk, recommended the inclusion of DBP.

The rationale was because of conditions such as isolated diastolic hypertension (SBP<160

and DBP�90 mmHg) which is commonly seen in younger age groups [195] or isolated

diastolic hypotension (SBP�100 and DBP<60 mmHg), a condition which has been attributed

to antihypertensive therapy and is an independent risk factor for heart failure. The dataset

was normalised and scaled using the z-score (which involves subtraction of the mean value µ

and division by the standard deviation s across every feature).
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7.3 Methods

The archetypal application of unsupervised learning is the problem of clustering data. For

a given dataset, there are primarily two unknown entities of interest in an unsupervised

approach: the number of clusters K, and the membership of every data point xi to a cluster.

In the literature, clustering is a vast area of research. Theodoridis and Koutroumbas [196]

describe clustering techniques alone in around 240 pages. There are two types of clustering

based on the resulting output: flat clustering or partitional clustering where data is partitioned

into disjoint sets, and hierarchical clustering, where a sequence of nested partitions are

created [141]. Hierarchical clustering is computationally slower than flat clustering [141].

However, hierarchical clustering does not require the number of clusters to be pre-determined

in contrast to flat clustering algorithms such as the k-means algorithm which have been

shown to be sensitive to initial conditions as well as requiring a formal method of selecting

K [141]. There are two main approaches to hierarchical clustering: a top-down or divisive

clustering approach that starts from one big cluster that is progressively fragmented, and a

bottom-up or agglomerative clustering approach. Agglomerative clustering has been more

frequently used in practice than the divisive approach [141].

7.3.1 Agglomerative clustering

Agglomerative clustering is an iterative process that starts with N singleton clusters. At

each step of the iteration, the two most ‘similar’ clusters are merged and this process is

continued until there is one big single cluster containing all data samples. The ‘similarity’ is

the measure of distance between two data points or clusters and is stored as a matrix S. Often,

a monotonically decreasing function is applied to S to obtain a dissimilarity matrix D where

dii = 0 and di j � 0 for two data samples xi and x j. Similarity and dissimilarity essentially
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convey the same notion of distance but the interpretation for the former is reciprocal to

distance, i.e. the higher the similarity, the smaller the distance. There are several distinct

metrics for computing similarity or dissimilarity. A full review of these metrics is presented

in Gan et al. [197]. Depending on the type of data (categorical, ordinal, continuous, mixed),

different metrics are available. For instance, the generalised similarity coefficient [198]

and the generalised Minkowski distance [199] have been used in the literature for mixed

data types. In this chapter however, a rudimentary approach is followed initially with the

widely used squared Euclidean distance metric. This is also a pre-requisite for our choice of

‘linkage function’, which is described below. Given two data points xi and yi with i = {1...m}

dimensions, the Euclidean distance is defined as Âm
i=1

2
p

(xi� yi)2, and the squared Euclidean

is defined as Âm
i=1 (xi� yi)2.

The distance between two clusters is measured by a ‘linkage’ function. A convenient

approach to computing distance is by either taking the nearest points between the two clusters

(‘the single linkage method’), or the farthest point in each cluster (‘the complete linkage’

method) [141]. The average distance between all pairs of points could also be considered

and this method is referred to as the average linkage method [141]. Another procedure to

compute cluster distance is through Ward’s minimum variance method [200], which imposes

an objective function that is used as a criterion to select a pair of clusters for merging at each

step. This implementation considers the clustering problem as an analysis of variance. The

algorithm is described in Figure 7.1. The Error Sum of Squares (ESS) captures the mean

within clusters for each feature while the Total Sum of Squares (TSS) considers the grand

mean of individual features.

To visualise the process of merging data points or clusters, a plot known as a dendrogram

is constructed. It is quintessentially a binary tree where initial groups are found at the bottom
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1: procedure AGGLOMERATIVE CLUSTERING- WARD’S MINIMUM VARIANCE METHOD

2: Given data X of n patients and m features;
3: initialize clusters as singletons: for i 1 do Ci {i};
4: initialize the cluster set available for merging S {C1, ...,Cn};
5: repeat
6: Compute intra-cluster variance, the Error Sum of Squares, ESS =

ÂS
i=1 Ân

j=1 Âm
k=1

�

�Xi jk� x̄ik
�

�

2 8 clusters i = {1, ...,S}, patients j = {1, ...,n}, and features
k = {1, ...,m}; x̄ik is the mean of the kth feature vector in the ith cluster.

7: Compute inter-cluster variance, the Total Sum of Squares, T SS =

ÂS
i=1 Ân

j=1 Âm
k=1

�

�Xi jk� x̄k
�

�

2 8 clusters i = {1, ...,S}, patients j = {1, ...,n}, and features
k = {1, ...,m}; x̄k is the mean of the kth feature vector.

8: Define r relating ESS and TSS as r2 = T SS�ESS
T SS ;

9: Select 2 clusters to merge based on dissimilarity (Ca,Cb) max r2;
10: Merge clusters Cl  Ca[Cb;
11: Annotate (Ca,Cb) as unavailable S S\{Ca,Cb};
12: If Cl does not include n patients, then S S[Cl;
13: until Cl = {1, ...n};
14: end procedure

Figure 7.1 Ward’s minimum variance method for hierarchical clustering

(‘leaves’) with the root containing all data samples. As groups are merged, they progressively

join to form trees. The height of the branches represent the extent of dissimilarity between

groups. The desired number of clusters K does not need to pre-determined in hierarchical

clustering and inspection of the dendrogram aids visual intuition with regard to a suitable

K. However, visible ‘gaps’ may be difficult to detect in many circumstances and therefore

choosing the ‘correct’ K requires a more quantitative basis for justification.

7.3.2 Estimation of optimal K

There are several techniques for estimating the optimal value of K. A full review can be found

in the article by Gordon et al. [201], who categorised methods of estimating the optimal K,

or K̂ into two: global and local methods. Global methods define a metric utilising the entire

dataset and optimise it on the number of clusters. Local methods consider a pair of clusters
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at a time to determine if they need to be grouped. A key problem with the global method

is that it can treat the entire dataset as one cluster and offers no guidance on whether data

should be clustered. However, this can be overcome based on prior assumptions about the

existence of clusters present in the dataset.

One such global method was developed by Davies and Bouldin [202] who proposed

a metric that optimises the intra-cluster scatter S or how closely grouped the clusters are,

and the inter-cluster variation M or how much the clusters are spread apart from each other.

These are given by

Si =

⇢

1
Ti

Ti

Â
j=1

�

�Xj�Ai
�

�

q
�

1
q

(7.1)

Mab =

⇢ N

Â
k=1

|Aka�Akb|p
�

1
p

(7.2)

where Si and Mab are the intra-cluster scatter and inter-cluster variation respectively

for the ith cluster, jth patient, kth feature, and for clusters a and b. Xj represents the data

comprising all features for the jth patient. Aka is the centroid of cluster a for the kth feature, Ai

is the centroid of cluster i for all features, and Ti is the size of cluster i. Mab is the Minkowski

distance between the centroids of clusters a and b. When p=1, Mab equates to the city-block

distance between the centroids of clusters a and b. When p=2, Mab reduces to a Euclidean

distance measure between centroids of clusters a and b. The qth root of the qth moment of all

points in cluster i about their mean is given by Si. When the value of q is 1, Si transforms

to the Euclidean distance between Xj and Aki. When q takes the value of 2, Si becomes

the standard deviation of the distance of all patients in a cluster to the respective cluster’s

centroid. Combining the equations described in 7.1, we obtain
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Ri j =
Si +S j

Mi, j
(7.3)

R̄ =
N

Â
i=1;i6= j

max Ri j (7.4)

where Ri j represents a ratio of scatter within clusters i and j to scatter between clusters i and

j. Lower values of R̄ indicate clusters that are compact with greater separation between the

centroids of clusters. Therefore the number of clusters for which R̄ is minimum reveals the

optimal number of clusters.

Calinski and Harabasz [203] also derived a ratio between the inter-cluster variation and

intra-cluster scatter as a metric to estimate K̂.

CHK =
M(K)/(K�1)
S(K)/(n�K)

(7.5)

For a specified number of clusters (e.g. 20), K̂ = argmaxCH(K) over K 2 2, ...Kmax. CH is

undefined for K = 1 as may be observed from Equation 7.5.

The Gap Criterion, proposed by Tibshirani et al. [204], utilises the information provided

by the decrease in the intra-cluster scatter over several possible values of K. It determines

the cluster most resilient to random perturbations [205]. The intra-cluster scatter, S(K),

is compared to Suni f (K) which is the intra-cluster scatter if the samples were distributed

uniformly such that

Gap(K) = log Suni f (K)� log S(K) (7.6)
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The term logSuni f (K) is determined through Monte Carlo simulations. An average value

is computed with 20 simulated uniform datasets [204], and a standard error of logSuni f (K) is

derived such that

K̂ = min
⇢

Gap(K)� Gap(K +1)� s(K +1)
�

(7.7)

where K 2 {1, ...Kmax}.

The methodology of our analysis was programmed and implemented using MATLAB

[206], and is summarised in Figure 7.2. Outcomes were known only for the Framingham

dataset. Therefore the risk bands from WHO/ISH CVD risk prediction charts were applied to

each cluster formed for the Indian dataset, acting as a proxy measure of 10-year CVD events.

Figure 7.2 Methodology for clustering patients with the Framingham and Indian datasets.
The Framingham dataset consists of 3040 patients with 7 features and the rural Indian
dataset consists of 59706 participants across the same 7 features. HC stands for hierarchical
clustering. The optimal K was evaluated using three criteria, namely Davies and Bouldin,
Calinski and Harabasz and Gap.
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7.4 Results and discussion

7.4.1 Optimal number of clusters

Upon application of hierarchical clustering to both sets of data, we obtain two dendrograms

as illustrated in Figure 7.3. A suitable K can be inspected from the height of the branches that

convey the distance between the clusters. Through visual inspection, it appears suitable to cut

the dendrograms at K = 2 or 4. A more objective approach however, would be to determine

K through cluster evaluation metrics. Figure 7.4 shows the results of applying three metrics

namely, the Davies-Bouldin (DB), Gap Criterion (GC), and Calinksi-Harabaz (CH) on the

Framingham and rural Indian datasets for different values of K 2 {1, ...Kmax}. The GC

and CH criteria indicate the optimum K through the highest value while the DB criterion

optimises the minimum value. It may be observed that for the Framingham dataset, K̂ fCH = 2,

K̂ f Gap = 4, and K̂ f DB = 4. For the rural Indian dataset, K̂inCH = 3, K̂inGap = 2, and K̂inDB = 4.

The lower branches and roots of the dendrograms are coloured by the default MATLAB

implementation which uses an arbitrary threshold that is 70% of the maximum linkage

computed between clusters. However, we observe that the part in red colour in the rural

Indian dataset actually comprises of two groups even though it has been coloured as one. It

may also be observed that K̂ =2, 3, and 4 are broadly comparable when based on the Gap

Criterion.

Fundamentally, CVD risk stratification can be formulated as a dichotomous problem

because we are interested in separating those patients at high risk of CVD from those with a

lower CVD risk to provide two different treatment approaches. D’Agostino et al. [88] who

developed the Framingham risk score, chose 3 cut-offs for categorising risk - 0% to 6%, 6% to

20%, and >20%, while the WHO/ISH risk prediction charts for India suggest 5 bands of risk
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(a) Framingham dataset (Nf =3040) (b) rural Indian dataset (Nin=59706)

Figure 7.3 Dendrograms representing a hierarchical clustering tree for the Framingham and
rural Indian datasets. The two lines that cut the dendrogram help to visualise an appropriate
choice of K. Lower roots and branches of the dendrograms are coloured by thresholding at
70% of the maximum linkage computed between clusters. It can be observed that the red
coloured part in the rural Indian dataset actually comprises of two groups.
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(a) Optimal K for the Framingham dataset
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(b) Optimal K for the rural Indian dataset

Figure 7.4 Selection of the optimal number of clusters K through the Davies-Bouldin, Gap,
and Calinski-Harabasz criteria. This vertical axis of figure represents a normalised index.
To determine optimal K, both the Gap and CH criteria use the highest indexed value while
the Davies-Bouldin criterion utilises the minimum value. For the Framingham dataset,
K̂ fCH = 2, K̂ f Gap = 4, and K̂ f DB = 4. For the rural Indian dataset, K̂inCH = 3, K̂inGap = 2,
and K̂inDB = 4.
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[1]. From Figure 7.4, we observe that for K̂ = {2,4}, all 3 evaluation metrics show compara-

ble values. Table 7.2 describes the average composition of CVD events over t = {1,2, ..10}

years to identify the optimal value of K for the Framingham dataset which has recorded out-

comes. The average event rate can be defined as the sum of CVD events (previously defined

in 7.2) over t = {1,2, ..10} years for each cluster, given by eventsi =
1
T Â10

t=1 ÂNi
j=1 ei jt where

T = Â10
t=1 ÂN

j=1 e jt , and e 2 [0,1] represents a CVD event or non-event for the ith cluster,

jth patient and N is the number of patients. Values for K̂ = {2,3,4,5} clusters are considered.

Table 7.2 Average CVD event rate for the Framingham dataset for K̂ = {2,3,4,5}. It is
observed that when K̂ = 2, the second cluster has an overwhelming majority (77%) of the
CVD events.

Cluster/ K̂ = 2 K̂ = 3 K̂ = 4 K̂ = 5

Average Event Rate in % (N) in % (N) in % (N) in % (N)

1 22.14±2.82 22.14±2.82 10.07±1.30 14.07±2.65

(1523) (1523) (779) (467)

2 77.86± 2.82 31.81±4.79 18.21±2.13 17.77±3.23

(1517) (741) (844) (274)

3 46.03±7.27 22.17±3.82 2.79±0.73

(776) (441) (514)

4 49.59±6.22 19.35±2.91

(976) (1009)

5 46.03±7.27

(776)

From Table 7.2, it is observed that when K̂ = 2, the second cluster has the overwhelming

majority (77%) of the CVD events. In the case of K̂ = 3, the sole difference is that the 77%

events found in cluster 2 of K̂ = 2, seems to be bifurcated as clusters 2 and 3 in K̂ = 3. In
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the case of K̂ = 4, the emergence of a ‘low-risk’ cluster, or a cluster with low event rates of

10% is observed. For K̂ = 5, the CVD event rate for clusters 1,2, and 4 is comparable to the

10-year event rate in Framingham dataset of 11.3%, indicating no clear separation of events.

Also, K̂ = 5 is not favoured by any of the three criteria for selection of the optimal value of

K (see Figure 7.4). Therefore for further analysis, values of K̂ = {2,4} are considered.

7.4.2 Cluster composition

Tables 7.3 and 7.4 describe the mean levels of risk factors of the datasets used as input for

clustering. The mean and standard deviation of the risk factors are reported for K̂ = 2 and

K̂ = 4 and the patterns of their spread across different clusters may be observed. For K̂ = 2,

the resultant clusters have markedly different levels of age, SBP, DBP, antihypertensive

therapy, and diabetes. Gender and smoking status appear to be closer to the mean levels of

the overall data. For K̂ = 4, the clusters appear to be a more refined version of those clusters

that were observed when K̂ = 2. For instance, from Table 7.3, clusters 1 and 2 for K̂ = 4

could be interpreted as an expansion of cluster 1 for K̂ = 2. Similarly, clusters 3 and 4 for

K̂ = 4 appear to be an expanded version of cluster 2 for K̂ = 2. This is exemplified by the

BP values in Table 7.3 as BP for Nf 21 and Nf 22 are approximately an average of the values

for Nf 41 and Nf 42 and Nf 43 and Nf 44, respectively. However, the distribution of the averaged

percentage of smokers in Nf 21 and Nf 22 are opposite to that of the pattern of distribution of

BP. For example, Nf 41, which has younger participants, more females, lower levels of BP,

antihypertensive therapy, and diabetes, than cluster 2, records higher smoking rates.

There are, however, some key differences across the populations. For instance, smoking

status is skewed for the rural Indian dataset with a prevalence of over 40% amongst males

and 5% amongst females, as described in Chapters 4 and 3. There is however, coherence and
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consistency in the cluster formations as exemplified by the increase in mean risk factor levels

as one goes from clusters 1 to 4. The event rates in the different clusters are presented in the

next section.

Table 7.3 Mean risk factors across clusters in Framingham dataset

K̂ Feature Age (years) % female SBP (mmHg) DBP (mmHg) Antihypertensive Diabetes Smoking
Mean±std Mean±std Mean±std therapy (%) (%) (%)

Entire dataset 57.85 ± 9.51 55.33 127.71 ± 18.52 75.65 ± 9.36 24.11 6.58 15.72
(Nf =3040)

2 Cluster 1 52.17 ± 7.19 58.9 115.60 ± 11.08 72.19 ± 7.70 8.96 2.1 17.4
(Nf 21=1523)
Cluster 2 63.55 ± 8.03 51.75 139.88 ± 16.41 79.13 ± 9.59 39.32 11.07 14.4
(Nf 22=1517)

4

Cluster 1 52.11 ± 7.49 59.57 109.25 ± 9.10 66.41 ± 5.49 1.74 0.43 33.04
(Nf 41=779)
Cluster 2 51.48 ± 5.59 56.49 123.29 ± 10.55 79.04 ± 6.19 20.26 5.56 12.98
(Nf 42=844)
Cluster 3 66.03 ± 5.95 61.7 127.25 ± 12.23 71.09 ± 6.43 26.38 8.79 3.68
(Nf 43=441)
Cluster 4 64.55 ± 7.97 44.23 150.84 ± 16.01 83.83 ± 8.62 45.07 11.95 17.61
(Nf 44=976)

Table 7.4 Mean risk factors across clusters in rural Indian dataset

K̂ Feature Age (years) % female SBP (mmHg) DBP (mmHg) Antihypertensive Diabetes Smoking
Mean±std Mean±std Mean±std therapy (%) (%) (%)

Entire dataset 53.81 ± 10.95 53.68 125.64 ± 22.05 79.53 ± 11.67 29.00 17.93 25.38
(Nin=59706)

2 Cluster 1 54.07 ± 11.15 48.99 115.67 ± 13.83 74.54 ± 8.95 14.91 14.60 24.31
(Nin21=39835)
Cluster 2 63.08 ± 10.54 58.9 145.62 ± 21.87 89.55 ± 9.91 25.05 24.61 27.53
(Nin22=19871)

4

Cluster 1 66.03 ± 5.95 47.91 111.13 ± 10.70 74.86 ± 7.99 00.31 12.85 21.42
(Nin41=20530)
Cluster 2 48.04 ± 9.18 63.67 135.63 ± 14.89 89.96 ± 7.33 10.22 27.74 29.66
(Nin42=13225)
Cluster 3 64.55 ± 7.97 50.14 120.49 ± 15.09 74.20 ± 9.87 30.44 16.47 27.38
(Nin43=19305)
Cluster 4 63.72 ± 9.63 61.90 165.51 ± 19.88 88.75 ± 13.63 54.57 18.40 23.28
(Nin44=6646)

7.4.3 Events per cluster

Figure 7.5 demonstrates that event rate across clusters 1, 2, and 3 are approximately constant.

Cluster 4 has the highest composition of CVD events, which is as high as 65% of the cluster

in year 1 to 46% of the cluster in year 10. However, the percentage of events in year 1 is
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low and hence the event rate in cluster 4 is exceptionally large for year 1. The percentage

of events is with respect to all events that occurred during that year. It is clear that cluster

4 is ‘high risk’ (HR) while cluster 1 is ‘low risk’ (LR). Clusters 3 and 2 can be described

to be ‘upper intermediate risk’ (UIR) and ‘lower intermediate risk’ (LIR). This is further

elucidated by Table 7.5 which describes event rates not as a percentage of the overall rate,

but as a percentage of the total number of patients. For instance, we can observe that the

11.3% event rate in 10 years is distributed as 1.2% for LR cluster, 2.4% for LIR cluster, 2.6%

for UIR cluster, and 5.3% for HR cluster.
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Figure 7.5 Event rate per cluster across t = {1, ...,10} period for the Framingham dataset. It
is expressed as a percentage of the overall event rate for the tth year. For example, cluster
4 approximately captures 50% of all CVD events across the 10 year period. It may be
observed that the clusters are constant and consistent in their composition of event rates.

Table 7.6 describes the stratification of data in 5 WHO/ISH CVD risk bands. It is clear

that cluster 1 has far fewer events amongst all clusters and hence is LR. Cluster 4 which has
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Table 7.5 CVD events per cluster in Framingham dataset. † denotes the % to be relative to Nf

CVD Events in Cluster 1 Cluster 2 Cluster 3 Cluster 4
in tth Framingham dataset events events events events
year (Nf =3040) (Nf 41=779) (Nf 42=844) (Nf 43=441) (Nf 44=976)

n (%†) n (%†) n (%†) n (%†)
1 34 (1.1) 3 (0.1) 5 (0.2) 4 (0.1) 22 (0.7)
2 72 (2.4) 6 (0.2) 12 (0.4) 15 (0.4) 39 (1.3)
3 106 (3.5) 10 (0.3) 19 (0.6) 24 (0.8) 53 (1.8)
4 125 (4.1) 11 (0.4) 22 (0.7) 28 (0.9) 64 (2.1)
5 172 (5.7) 18 (0.6) 28 (0.9) 41 (1.4) 85 (2.8)
6 206 (6.8) 24 (0.8) 35 (1.2) 51 (1.7) 96 (3.2)
7 246 (8.1) 27 (0.9) 50 (1.7) 60 (2.0) 109 (3.6)
8 281 (9.2) 30 (1.0) 57 (1.9) 68 (2.3) 126 (4.2)
9 314 (10.3) 34 (1.1) 65 (2.2) 74 (2.5) 141 (4.7)
10 345 (11.3) 37 (1.2) 71 (2.4) 79 (2.6) 158 (5.3)

the largest number of patients with CVD risk over 30% and substantially fewer patients with

CVD risk less than 10% is the HR cluster. Cluster 3 has more patients across risk bands 10

to 30% and is the UIR cluster. Cluster 2 has a large number of low risk patients but fewer

dispersed across risk bands 10-30%, and is suitably the LIR cluster. It may also be observed

that the size of the HR cluster 4 is approximately a tenth of the entire dataset. In Chapter 5

we described the rural Indian national guidelines for management of CVD risk at primary

care as advocated by the 2009 Indian National Programme For Prevention and Control of

Cancer, Diabetes, Cardiovascular Diseases & Stroke (NPCDCS). The criteria for treating

high-risk patients is based on a combination of risk bands 30-40% and greater than 40%,

which implies that four bands of CVD risk in the WHO/ISH charts are suitable as well. The

distribution of CVD risk across different clusters in the rural Indian dataset is shown in Table

7.6,

Implications of findings Identification of the ‘correct’ K is one of the difficult aspects of

cluster analysis as there is no clear definition of a cluster [204]. In our approach, we have

utilised three criteria for selecting an optimal K, which was also aided by an understanding

of the number of ‘risk categories’ we wished to obtain. Hierarchical clustering is known to
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Table 7.6 Distribution of CVD risk across different clusters in the rural Indian dataset. The
overall dataset column shows the distribution of 59706 participants across each CVD risk
band (with the % expressed in brackets). The columns for clusters 1 to 4 show the number
of participants in every CVD risk band in each cluster. The percentage within the bracket
is the proportion of the number of participants in a CVD risk band within a cluster to all
participants within that cluster.

10-year risk Overall Cluster 1 Cluster 2 Cluster 3 Cluster 4
WHO/ISH dataset (Nin41=20530; (Nin42=13225; (Nin43=19305; (Nin44=6646;

(Nin=59706) 34.4%) 22.2%) 32.3%) 11.1%)
<10% 41747 (69.92%) 20935 (99.34%) 11176 (84.51%) 9697 (50.23%) 479 (7.21%)
10 to <20% 9081 (15.21%) 110 (0.54%) 1103 (8.34%) 6958 (36.04%) 910 (13.69%)
20 to <30% 4485 (7.51%) 6 (0%) 637 (4.82%) 2022 (10.47%) 1820 (27.38%)
30 to <40% 1447 (2.42%) 4 (0%) 169 (1.28%) 411 (2.13%) 863 (12.99%)
Greater than 40 % 2889 (4.84%) 1 (0%) 123 (0.93%) 202 (1.05%) 2563 (38.56%)

produce clusters even if the data has no structure at all [141]. However, cluster evaluation

methods such as the Gap criterion are specialised to pick null clusters [204]. K̂ = 2 can

be useful in identifying a cluster with a smaller size (1517 as opposed to overall dataset

of 3040) and much higher prevalence of CVD events (77%) than the overall prevalence

rate (11.3%). K̂ = 4 generates fine grained clusters that were coherent and consistent as

exemplified through mean risk factor levels and event rates. Also, for K̂ = 4, the event rates

observed in the 4 clusters across t = {1, ...,10} period indicated the clusters were consistently

identifiable (i.e. as low risk, high risk, UIR, or LIR) in the Framingham dataset. Although

we could not verify the same in the rural Indian dataset due to lack of recorded outcomes,

the WHO/ISH risk bands indicate a similar pattern for the 10 year events.

The clustering approach presented here can be useful in terms of providing additional

information in a classification or survival model for CVD. Alternatively, prediction models

may be trained specifically for each cluster which is likely to result in different features being

more predictive in different clusters. In India, there exists a lack of a population-specific CVD

risk model except the WHO/ISH charts. In chapter 5, we explored the WHO/ISH charts which

have reported neither model performance nor validation. In the absence of a calibrated risk

score, it may be sufficient to identify groups of patients with varying risk. An unsupervised
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approach such as the one demonstrated here, which is validated across a population with

known outcomes can be useful, although to a lesser extent than if the outcomes were known.

For instance, clusters trained and programmed from an electronic health record, such as the

OpenMRS system we have used in SMARThealth, can help identification of high-risk groups.

This can be combined with parameters such as location in order to derive more region-specific

insights. This will be further investigated upon completion of the SMARThealth-RCT, which

will shall outline in the next chapter.

7.5 Conclusion

Using an unsupervised clustering technique, we have identified clusters that established low

CVD risk and high CVD risk (when K̂ = 2) patients as well as upper intermediate CVD

risk and lower intermediate CVD risk (when K̂ = 4). The cluster compositions, and optimal

number of clusters were consistent across both the rural Indian and Framingham datasets.

Furthermore, the event rates across a 10 year period were were similar when validated

with recorded outcomes from the Framingham dataset. Unsupervised clustering offers an

alternative approach to identifying groups of high-risk patients in rural India.



Chapter 8

The SMARThealth Randomised

Controlled Trial

8.1 Introduction

So far, we have introduced the problem of CVD, an mHealth CDSS to enhance the abilities

of ASHAs and PHC physicians to perform CVD risk assessment, and investigated different

approaches to improving existing risk prediction techniques. The long-term aim is to translate

improvements on to the CDSS. The process of obtaining ethical approval for a large-scale

randomised controlled trial to evaluate the benefits of using the CDS in rural India was

initiated before the pilot study.

The design of the RCT, whose main aim is to quantify the clinical impact of a change

in blood pressure following the use of the CDSS is described. Blood pressure was used

as an end point for two reasons: firstly, CVD manifests itself over a longer period and

would therefore require a study duration (10 years) beyond the funding available for the

RCT; secondly, BP is an important predictor of CVD risk as demonstrated in Chapter 6. We

present a production-ready SMARThealth-intervention mobile application that consists of
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improvements over the SMARThealth pilot and baseline applications described in Chapters 2

and 3 respectively. Finally, an analysis of intermediate data from the RCT is presented.

8.2 Design of RCT

A randomized controlled trial is the gold standard for generating evidence in biomedicine.

The design for this trial is in the form of a stepped wedge cluster RCT (swc-RCT). Figure 8.1

illustrates the conventional swc-RCT, where it can be observed that clusters are sequentially

randomised to receive intervention at specified time points. The trial has 3 arms, each with 18

villages and 6 PHCs. It consists of four ‘phases’, each of which represent a 6-month interval.

The trial design utilised here is referred to as a ‘complete design’ swc-RCT since each cluster

is scheduled to be a part of both the control and intervention groups, albeit at different time

points. The descriptions of the other forms of swc-RCTs such as incomplete design (with and

without an implementation period), parallel RCTs can be found in the article by Hemming et

al. [207].

The primary difference between a swc-RCT and a conventional RCT is that, as opposed

to individual randomisation, the stepped wedged design progressively shifts a group of

individuals within villages to the intervention at different time points. It is particularly

suitable for ethical reasons (since no individual is left unexposed to the intervention), and

logistic reasons (all ASHAs and PHC may not need to be trained at once to use the CDSS)

in our trial. The primary outcome from the SMARThealth RCT is to determine whether

high-risk individuals who receive the intervention could achieve adequate control of their

blood pressure levels. Secondary outcomes include mean change in other CVD risk factors

such as smoking status and diabetes, quality of Life, CVD events, and process outcomes



8.2 Design of RCT 171

(such as referrals to a physician).

Figure 8.1 Design of stepped wedged randomised controlled trial

Participants of the RCT are people aged above 40 years who have been identified as

having a high risk of CVD during the baseline study. Each cluster in the swc-RCT comprises

18 villages and 6 PHCs. The intervention is based on the mHealth CDSS and includes

workforce training and field support to the ASHAs and PHC physicians. A summary of the

salient features of the intervention are given below and described in detail in the next section

(section 8.3).

• A back pack sized kit comprising a mobile 7-inch tablet (with the CDSS application

pre-loaded in it), BP monitor, blood glucometer, weighing scales, and measuring tape.

• A shared electronic health record installed on a central server, that continuously

captures and processes patient information from multiple tablet devices.

• A referral system with PHCs for patients identified to be at high risk of CVD. Barcode

enabled referral cards to track patients.

• A prompt system to alert high-risk individuals for follow-up visits with ASHA / PHC

physician and reminders about medication.
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• Training and resource support for ASHAs and PHC physicians. This includes training

for operating the CDSS, awareness workshops on management of CVD, additional

remuneration for using the CDSS, and capacity enhancement of services provided by

the ASHAs.

The control group receives existing health care available through the PHC without access

to the mobile health component and the workforce support as described above.

Determining sample size The goal of estimating sample size (SS) is to gauge the number

of participants required to detect a clinically meaningful result [208]. If the SS is too small, it

is difficult to detect an important effect or discuss generalisation. However, a large SS could

be a considerable strain on the time and resources needed to conduct the RCT. Four basic

components are involved in the calculation of the sample size. They are summarised below:

Alpha

Alpha determines the probability of incorrectly detecting a statistically significant

difference (type 1 error; false positive) between the groups of comparison.

Beta

Beta governs a false negative result, or, the probability of incorrectly rejecting a

statistically significant difference between the groups of comparison.

Power

The power is a complement of beta (1-beta) and is the true positive. In other words,

the power represents the probability of correctly detecting an effect present in the

population based on testing a sample from that population.

Variability

The sample size is highly dependent on population variance of the outcome. This is

normally estimated from a previous study or a pilot study (which in our case was the
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Andhra Pradesh Rural Health Initiative [3]). An associated parameter is the Minimal

Clinically Relevant Difference (MRCD), which defines the smallest difference in the

outcome desired by the trial investigators. For instance, the proportion of people with

optimal BP levels (which is defined by SBP<140 mmHg) was recorded as 39% in the

APHRI study.

In the literature, descriptions of power calculations for swc-RCTs are limited [207]. The

most important work in this area was presented by Hussey and Hughes [209], who established

the theoretical basis for power calculation for a ‘complete design’ swc-RCT. The computation

of statistical power for the SMARThealth-RCT was performed by the statisticians at the

George Institute for Global Health, Sydney. As 6 PHCs and 18 villages (comprising 24,000

eligible people approximately) are included to receive the intervention every 6 months, it

was possible to detect an absolute increase of 6% in the proportion of people with optimal

BP levels (defined as SBP<140, DBP<90 mmHg). This could be achieved with greater than

90% power (2a=0.05) and translated to an increase from 39% to 45% of the proportion

achieving optimal BP levels, as well as a mean SBP difference of 3 mmHg between the

control and intervention groups. Five time-points for data collection were assumed to perform

the calculations.

8.3 mHealth intervention

8.3.1 Electronic health records

The Open Medical Record System

OpenMRS is a freely available open source medical record system that was originally

motivated by the need to create electronic health records in resource-poor settings. It was

originally developed as the result of the collaboration between the Regenstrief Institute in

Indianapolis and the Boston-based Partners-In-Health, with the aim of improving the IT
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infrastructure for managing HIV/AIDS in western Kenya [210]. Over the last 10 years,

OpenMRS has been used in many African and Latin American countries, and it is supported

by a network of international volunteers and developers [211].

Software architecture OpenMRS is mainly built using Java and follows the Model-View-

Controller (MVC) architecture. It consists of three layers: the data layer, the service layer,

and the user interface layer as shown in Figure 8.2.

Figure 8.2 The OpenMRS architecture [212] comprises three main components, namely the
data layer, the service layer, and the user interface layer. The framework is made modular
so that developers may add their own modules to customise implementation. This diagram
is adapted from the OpenMRS implementers guide [212]. ‘Jasper Reports’ is a popular
open source reporting library in Java which can write to a plethora of devices (e.g. printer,
screen) and formats (e.g. PDF, HTML, Comma-separated values). ‘BIRT Reports’ stands
for Business Intelligence and Reporting Tools, and is an open source Business Intelligence
and data visualisation system.

The data layer The data layer uses an object-relational mapping tool called Hibernate for

abstraction of the MySQL database, as well as Liquibase to manage safe re-factoring
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of the database whenever changes occur. The MySQL database uses a well-researched

data model that provides flexibility and scalability on the technical side and adaptabil-

ity to low-resource settings based on the main features of healthcare systems in such

settings. The underlying data model is illustrated in Figure 8.3.

Figure 8.3 Building blocks of the OpenMRS data model in the context of CVD risk manage-
ment.

Service layer The service layer comprises a comprehensive Application Programming In-

terface (API) that is a wrapper to the data model and which thereby allows interaction

through Java objects. The Spring framework is used in the service layer; for in-

stance, abstract-oriented programming for authentication and logging, and dependency-

injection for providing dependencies across components.

User Interface layer The User Interface (UI) layer uses the Spring MVC and is used to

provide the Model-View-Controller design pattern, Direct Web Remoting (DWR) for
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easy AJAX functionality (where Java objects and methods can call JavaScript objects

and methods and vice versa), JSP and JavaScript.

OpenMRS emphasises the standardisation of terminology, whereby coded terms are

preferred to free text. This is enabled by the use of a centralised concept dictionary

that stores all the clinical terms used in the system (such as those for a particular

examination, report, or drug list).

OpenMRS modules A key feature of OpenMRS is modularity, so that developers can add

modules to perform new functions (for example, sending a text message from the

server or running a scheduler to perform routine tasks), based on interactions with

all three layers of the data model. The only core module currently used is the Logic

module, which is a service that provides ‘logic rules’ to encapsulate business rules (e.g.

the definition of a ‘paediatric’ patient). Packages such as Groovy and AngularJS are

also used in third-party modules, which are stored in a large module repository.

8.3.2 System architecture and key improvements for SMARThealth

RCT

The augmented system architecture for the RCT intervention is described in Figure 8.4. An

overview of the sequence of steps is described below. Key improvements are discussed for

every step.

1. Household screening by ASHAs - Equipped with a Samsung Galaxy 3 tablet with the

SMARThealth-intervention application, ASHAs are provided with a unique login code

when they are registered with the SMARThealth programme. Upon the ASHA entering

this code, the tablet’s SMARThealth-intervention application loads those participants
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Figure 8.4 mHealth architecture for SMARThealth RCT. The numbers 1 to 7 correspond
to the following tasks: 1) Household screening by ASHAs; 2) Decision support offered to
ASHAs; 3) Data transmission and storage on the server-side; 4) Server-side data manage-
ment; 5) Data retrieval by a physician at the PHC; 6) Further server-side processing; and 7)
Feedback through an Interactive Voice Response system

residing in the ASHA’s locality into her tablet. Hence, ASHAs can perform door-to-

door risk assessment covering all 62,254 participants registered during the baseline

study. Also, the ASHAs are restricted to screening participants who were already

registered during the baseline study. Furthermore, the list of high-risk participants

(who can be referred to as our ‘patients’) identified during the baseline study are not

provided to the ASHAs in order to mimic the real-world scenario. The data collected

was identical to that of the pilot study (as described in Table 2.1 in Chapter 2) and

included the participant’s demographics, medical history, family history, treatment

history, risk factors (blood pressure, blood glucose), and anthropometric measurements.
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2. Decision support offered to ASHAs - Upon finishing a risk assessment procedure,

the CDSS provides the 10-year risk of developing CVD for the participant as well

as point-of-care (POC) decision support on referral and CVD management. This

implies that those identified at high risk of CVD by the CDSS are referred to their

nearest Primary Health Centre (PHC). high-risk participants, also described as patients,

are also presented with a referral card that incorporates a barcode, as illustrated in

the next section. The barcode is dynamically associated with the patient’s identifier

by photographing the barcode in the referral card using the tablet’s camera, thereby

establishing an association between the barcode and the patient’s identifier.

Data from the Samsung tablets is then uploaded securely to the server. A key im-

provement of POC recommendations is the incorporation of animations to encourage

smoking cessation and maintain healthy diet and adequate physical activity. This is

designed to aid the ASHAs to explain the CVD risk recommendations to participants

and is shown in Figure 8.5.

3. Server-side data management - The mechanism for data processing on the server-

side is as follows: data sent by the client in the JavaScript Object Notation (JSON)

format is received by the Sana Mobile Dispatch Server (MDS). The MDS, running on

the Django framework, subsequently forwards data on to the OpenMRS system. The

key roles performed by the MDS are to capture meta-data such as time and frequency of

data uploaded from different tablets, to act as a back-up for data storage, and to cache

data in case the server running OpenMRS is down. Two key components facilitated by

the server-side system are:
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Figure 8.5 Animations implemented in the SMARThealth-intervention application for deci-
sion support

Enhanced server-side monitoring - An important factor in the success of the sw-

RCT is utilisation of the capabilities of local resources and workforce. This is because

the effectiveness of the delivered intervention will depend on how well the mHealth

system fits into the understanding and the workflow of local health providers. Previous

mHealth trials such as the Oxford type-1 diabetes trial have demonstrated the impor-

tance of the human element (such as a telehealth nurse) in the intervention loop [213].

In order to build a robust server-side platform that is acceptable and convenient to use

for field supervisors, improvements were performed on the server-side web application

(previously described in section 4 of in Chapter 3) which assisted visualisation of

frequency of uploaded data, and provided a portal for conveniently exporting data

from OpenMRS. The following improvements were made: last login times for each

ASHA (revealing the frequency of CDSS usage), and a reporting tab providing granular
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information on the percentage of high-risk participants (previously recorded at the time

of the baseline study) screened in every locality and village.

Security and data storage - Our back-end systems including the OpenMRS and

web-application are protected by a self-signed certificate (primarily because no third-

party users need to trust the certificate) with a TLS encryption [214]. Additionally,

OpenMRS has an internal security model that is based around privileges for particular

data types (permission is needed in every respect, be it editing encounters, forms,

etc.). OpenMRS also underwent a professional security review (by Aspect Security)

in 2008. The SMARThealth-intervention application uses tablet-based authentication

for data entry and retrieval. Registered tablets can have their data wiped out remotely

in the eventuality of theft. The user data that has been synced with the server can

be synchronised anytime on any new tablet. De-identified patient data is used for

continual synchronisation via proxies such as encounter type, patient identifier, and

other encounter-related parameters. Identifiable patient data is used during the time of

a first assessment only to register the patient on the server.

4. Server-side processing - OpenMRS primarily provides two technical capabilities -

(i) the provision to build custom modules to process patient data and automatically

schedule continual execution of code and (ii) a RESTful API to facilitate a web service

that enables exchange of data for synchronisation between the client-side tablets and

server-side medical record system. Three custom modules were developed to process

patient information, as described below.

Cohort creator module - This module forms a cluster of high-risk participants (a

‘cohort’) handled by each ASHA. It includes only those participants who have

been screened by the ASHA until that point in time. Cohorts are periodically
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scheduled for update to associate any new high-risk participant data with the

respective ASHA. Similarly, clusters of high-risk participants seen by physicians

at every PHC are created.

Patient priority module - The ratio of ASHAs to participants in this study is 1:90 in

the villages. The design of the sw-RCT means that villages randomised to receive

intervention early will lead to an increase in the workload of ASHAs. This is on

account of having to manage follow-ups as well as screening new participants.

We developed a simple algorithm to prioritise follow-up of patients and help the

ASHA manage her schedule. The prioritisation algorithm used a points-based

scoring system for high-risk participants who have been screened for CVD risk

by the ASHA. The following parameters were used: whether the participant

visited the PHC subsequent to referral by the ASHA, whether treatment was

prescribed, whether self-reported medication adherence was above 75%, the

change in smoking status, whether the BP target (<140/90) was reached, and

whether the next assessment by an ASHA/physician was imminent in the next 2

weeks. The scores for all high-risk participants within an ASHA’s jurisdiction are

sorted in descending order. Subsequently, the top-ranked participants needing

attention/follow-up are according to the degree of effectiveness of the ASHA’s

intervention. For instance, modifiable factors like smoking, adherence to medica-

tion (based on participant’s self-reporting), and visit to a PHC after referral can be

largely controlled, and the ASHA has the potential to influence the participant’s

behaviour substantially. The priority scores are updated every day through the

use of a scheduler in OpenMRS.
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Alerts/Reminders - This module processes vital statistics on the use by the ASHA

and the physician of the SMARThealth-intervention. For instance, parameters

such as the last timestamp of an ASHA’s login into the tablet, and the number of

assessments performed by an ASHA are recorded and stored as an OpenMRS ‘at-

tribute’. Attributes are additional information associated with end-users, and can

store information that is prone to regular change and does not require historical

records. This enables a faster and more convenient retrieval of these parameters

through OpenMRS’s RESTful API.

5. Data retrieval by a PHC physician - high-risk participants, when visiting their PHC

physician, are advised to carry their referral cards. This enables the PHC physician

to scan the barcode on the referral card using the tablet’s camera. This results in

automatic display of the participant’s previous risk assessment data. In case patients

do not carry their referral card, the physician can search for them using their village,

gender, and last name. POC decision support on treatment recommendations are

offered to the physician. The class of medications suggested (such as five classes of

antihypertensives) were proposed by our clinical collaborators in the sw-RCT at the

George Institute of Global Health, India. The recommendations follow the National

Programme for Prevention and Control of Cancer, Diabetes, Cardiovascular diseases &

Stroke (NPCDCS) guidelines outlined by the Indian Ministry of Health and Family

Welfare [1]. Additionally, these classes of drugs are commonly available in the PHC.

The POC decision support for treatment is shown in Figure 8.6. Contraindications on

popular class of drugs for BP lowering, lipid lowering, and anti-platelet therapy are

also provided. Subsequently, the PHC physician reviews a follow-up care plan and the

data is uploaded to the server.
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Figure 8.6 POC decision support on treatment offered to a physician. The recommendations
are based on the Indian national guidelines (NPCDCS) [1]

6. Further processing - Further server side processing is performed as the patient prior-

ity module updates the priority scores every day. Two records of the priority score are

stored - the previous and current values. The client-side tablet application retrieves

a list of patients the ASHA must attend to in the order of decreasing ‘priority’ score.

This guides ASHAs on real-time management of follow-up patients. For effective

management of the ASHA’s time and workload, as well as to increase frequency of

follow-up for each patient including measurement of BP (which is the main outcome

of the swc-RCT), a shorter data-collection process for follow-up procedures (also

referred to as a ‘quick follow-up’) has been incorporated into the mobile application.

This allows ASHAs to record the following parameters only: BP, medication history,

self-reported medication adherence, and visit to a PHC following referral.
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7. IVR feedback - Rural communities in India receive health information through a

multitude of channels that are different from urban areas. In particular, ‘word of mouth’

is an important channel in rural communities along with health education campaigns,

briefings, posters, celebrating awareness weeks and associated workshops, radio, as

well as counselling by community health workers. Mobile phones can play a major

role in disseminating important health information in rural communities, where access

to the internet and media are limited. Following the pilot study described in Chapter 2,

we discussed the limitations of using SMS for sending alerts, which include language

barriers, spam, low adoption, and delayed service of SMS texts. Therefore, based on

metrics derived from the Alerts/Reminders module, an Interactive Voice Response

(IVR) system was installed. It primarily automates voice reminders for ASHAs and

PHC physicians to follow-up/review high-risk participants. The IVR system was

installed by a company contracted by the George Institute of Global Health, India.

8.4 Analysis - snapshot of RCT intervention data

Data from participants who are in the intervention as of 12th September 2015 are chosen

for interim analysis here. This encompasses the first 9 months of intervention during which

ASHAs performed over 35,195 risk assessment procedures across 12 PHCs and 18 villages.

This includes the screening of 27,346 participants, the majority of whom are from the first

arm of the stepped wedged cluster. The first phase of the RCT was administered from

December 2014 till May 2015 and included 18 villages and 6 PHCs (see Figure 8.1). The

second phase commenced in June 2015. Analysis and reporting of trial results were restricted

because of concerns that interim analysis may bias the final outcome of the trial. The analysis

presented here therefore focuses only the change in SBP for participants who received the
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RCT intervention.

At the end of the first phase of the intervention, the 27,346 participants screened covered

65% of the target population. This estimate was based on comparisons with the baseline data

described in Chapter 3. high-risk participants screened by the ASHAs included 64% of those

identified to be at high risk during baseline screening.

Out of 27,346 participants screened, 6529 were followed up. Four participants for whom

follow-up timestamps were not recorded were excluded. The number of participants who

have a high risk of CVD is 4650, out of whom 3085 were followed up by a health provider

at least once. Therefore a total of 7735 risk assessments were conducted for high-risk par-

ticipants. The frequency of follow-up assessments for high-risk participants is described in

Figure 8.7.

A total of 131 participants were assessed and followed-up five or more times by an ASHA

or PHC physician. We shall consider this group of 131 participants for further analysis as

they had at least 5 risk assessments performed after receiving the intervention. We shall refer

to these as the subgroup of participants chosen for analysis. The mean SBP levels (computed

as the average of the last two of the three BP measurements acquired from each participant)

recorded during each assessment for the subgroup are shown in Figure 8.8. For clarity, these

mean SBP levels for each participant will be referred to as simply the SBP levels of the

participants. The mean difference between the time duration of first assessment (or screening)

and fifth assessment (or follow-up) was 158.28 ± 47.82 days (or over 5±1.5 months).

During the baseline study (that was described in Chapter 3), the mean values of the SBP

levels for the subgroup was computed to be 143.01±25.07 mmHg and the mean values of the
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Figure 8.7 The number of risk assessments performed per participant during the intervention.
A majority of the participants were assessed once by an ASHA. The number of follow-up
procedures greater than 10 was low during the first phase of intervention. However, 131
participants were assessed for CVD risk at least five or more times (shown in the zoomed-in
plot), including follow-up procedures.

DBP levels for the subgroup was calculated to be 84±12.34 mmHg. After the baseline study,

participants were under 6 months of ‘control’ or usual care. Subsequently, the participants

in our subgroup shifted to receiving the intervention. At the time of the first risk assess-

ment procedure or the first screening by an ASHA during the intervention, the subgroup

had largely unchanged mean SBP levels of 143.73 ± 26.85 mmHg while the mean DBP

levels were 82±13.39 mmHg. During the fifth assessment, they recorded mean SBP levels

of 138.41±23.56 mmHg and mean DBP levels of 80±37.80 mmHg. A Wilcoxon signed

rank test, which is a non-parametric hypothesis test for paired data samples was performed.

The difference in median SBP levels between the first assessment and fifth assessment was

statistically significant (p=0.0097). However, the difference in median DBP levels between
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Figure 8.8 Mean SBP levels of participants in the intervention group, who have had at least
five risk assessments (Nf 5 = 131). The first risk assessment or screening by an ASHA is
plotted in red; the second assessment by a PHC physician is plotted in maroon; the third,
fourth, and fifth assessments are illustrated in black, blue, and green respectively. Further
follow-up assessments are coloured in cyan.

the first assessment and fifth assessment was not statistically significant (p=0.0510).

The distribution of the mean SBP and DBP levels were estimated at three time points -

baseline, first assessment (intervention), and fifth assessment (intervention). This is illustrated

through the density plots in Figures 8.9a and 8.9b. Silverman’s rule was used to estimate the

density [126]. The shift in the tail of the distribution for participants with high SBP or DBP

levels during the three time points can be observed in Figure 8.9b.
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(a) Estimate of the distribution of mean systolic blood pressure levels.
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(b) Estimate of the distribution of mean diastolic blood pressure levels.
Figure 8.9 Estimate of the distributions of the mean SBP and DBP levels at three points
of time: at the time of the baseline study; at the time of the first assessment (start of the
intervention); and at the time of the fifth assessment. It is clear that the mean SBP remains
the same under usual care (during the 6 months of control) and the shift in density for
mean SBP during the fifth assessment is evident. The difference between the median SBP
levels of the first and fifth assessments was statistically significant (p=0.0097). However,
the difference between the median DBP levels of the first and fifth assessments was not
statistically significant (p=0.0510).

The difference in SBP levels between successive assessments and the first assessment

is shown in Figure 8.10. The median of the difference in SBP levels between successive

assessments continues to decrease throughout the intervention period.
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Figure 8.10 Change in SBP level between successive assessments and the first assessment
of the intervention. It can be observed that the median difference in SBP levels continues to
decrease until the fourth assessment but is marginally higher during the fifth assessment.

Table 8.1 indicates the status for high BP treatment as recorded by the 131 participants

who had at least five risk assessments. It is clear that the proportion of participants on high

BP treatment continued to rise from the first to fifth assessment.
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Table 8.1 Status of treatment for high BP recorded for participants had at least five risk
assessments (Nf 5 = 131). Participants who maintained the status quo on treatment for high
BP either continued to remain on medications or not.

1st 2nd 3rd 4th 5th

assess- assess- assess- assess- assess-

ment ment ment ment ment

Total On treatment 74 86 86 88 90

No treatment 57 44 42 37 34

Change in treatment Newly initiated 13 10 11 13

status Maintained status quo 116 115 114 109

(lag) Discontinued 1 6 5 9

Change in treatment Newly initiated 13 19 25 26

status from first Maintained status quo 116 108 104 103

assessment Discontinued 1 3 1 0

8.5 Conclusion

We have discussed the final improvements performed on the mHealth CDSS to make it

production-ready for a RCT in rural India. Data was acquired after 1 year of the RCT with 6

months of intervention and preliminary analysis revealed a statistically significant decrease

in median SBP for participants in the intervention group who had at least 5 risk assessments.

Upon completion of the RCT, a larger dataset will be available and the findings hold potential

to generate evidence for how best to manage CVD risk in resource-poor settings using an

mHealth CDSS.



Chapter 9

Summary and future work

9.1 Summary

It is well established that the leading global cause of mortality and morbidity, cardiovascular

disease, is more severe in resource-constrained environments such as rural India as introduced

in Chapter 1. The challenges for health systems seeking to manage CVD in these regions are

enormous, and include inadequate services to detect and manage CVD, the epidemiological

shift from communicable to chronic disease, changing lifestyles, and the lack of trained

healthcare professionals.

The development of a mobile-based, point-of-care clinical decision support system,

SMARThealth was described in Chapter 2. The system could calculate the 10-year risk

of CVD in the rural Indian population and help manage high-risk people. An important

aspect during the design and development of the system was the use of agile development

and user-centred design, which cohesively involved all stakeholders (including the ASHAs,

PHC doctors, and community participants), and made the tool suitable for use by ASHAs.

This differentiates the SMARThealth system from conventional global health projects which

‘push’ solutions onto the community. During pilot testing with 292 participants, in over
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72% of screening procedures performed, the mobile application was found easy to use for

that procedure. Users concurred similarly on the usefulness of a graphic risk projection

meter, which visualised risk scores, in communicating the meaning of absolute CVD risk

reduction to the community participants. In less than 2% of the procedures performed, the

ASHAs recorded difficulties with collection of risk factors (such as blood pressure, height

and weight, blood glucose). This is vital since ASHAs, who from interface between the

public health system and the doors of Indian villages, are provided with an opportunity for

capacity enhancement thereby enabling the utilisation of a minimally trained healthcare

workforce for managing chronic disease.

Another important aspect from the SMARThealth pilot test was to also understand if

the system of delivering CVD risk assessment and management could be scaled-up. Two

subfactors critical to this are: workflow integration such that frequent use may be possible,

as well as to understand user behaviour and uptake. To assess these aspects, a mobile analyt-

ics framework enabled quantification of parameters including system efficiency (observed

through a decrease in median procedure time as more CVD procedures were performed),

assessment of manual data entry errors, usefulness of point-of-care management recom-

mendations to ASHAs, as well as an evaluation of how different ASHAs performed. The

sub-group analysis sampled ASHAs in three categories: the best performing ASHA, the

ASHA with most consistency in performing risk assessments, as well as the ASHA requiring

additional attention and/or frequent monitoring. Qualitative examples from the interviews

with ASHAs (Appendix C) enabled understanding of barriers to adoption including aspects

related to patient’s understanding of the management of CVD risk based on the CDSS outputs.

The scale-up of SMARThealth is presented Chapter 3, where large scale data collection

across 54 villages and 18 PHCs was performed as part of a baseline analysis from our target
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population. Data was collected from over 62,194 participants, out of whom 9864 or 15.8%

of the participants were at high risk of CVD.

This chapter describes in detail how local infrastructure and resources could be utilised for

large-scale mHealth data collection in a resource-constrained setting. Important issues relat-

ing to handling regions with weak network signal and increasing coverage of data collection

through mapping households and respondents were addressed. Minute process improvements

helped minimise data loss from failure to assess an eligible participant. Examples include:

the use of a web-application which not only connected to an online medical record but

also constituted an improved interface (similar to Microsoft Excel) for empowering local

field-workers (who were familiar only with the Excel-styled interface) to monitor the data

collection process remotely; and the two phase process that took advantage of census data to

identify every household in the region and verified the eligibility criteria of all participants

from 54 villages.

Two key aspects observed from the baseline data with respect to CVD risk factor preva-

lence were: the disparity between the number of participants who were hypertensive (40.5%)

and those on treatment (19.6%); and that the prevalence of smoking in males was eight times

greater than in females. The acquired data was visualised with two techniques: the more

recent t-Stochastic Neighbour Embedding technique and a standard non-linear technique

using neural networks called Neuroscale. The data points in the low-dimensional space was

coloured with CVD risk ranges based on the WHO/ISH low information charts, and the

groups formed suggested an unsupervised approach can be used to identify high CVD risk

participants.
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The major component of the SMARThealth system is the CVD risk prediction algorithm.

Three widely used risk prediction algorithms, namely the FRS, WHO/ISH charts, and the

QRISK2 risk score were compared in Chapter 4 to investigate how well it performs on data

from rural India. The FRS main version under-predicted risk in a rural Indian population

as compared to the FRS simplified version with over 20% of the dataset (222 patients)

exclusively classified as low risk (0-<10%) by the former. Case studies were presented to

show the influence of gender and total cholesterol in CVD risk prediction scores calculated

using the WHO/ISH risk prediction charts. In particular, a non-linear interaction between

gender and diabetes was observed as exemplified by the fact that females were at higher

risk of CVD than males in all cases, except for those patients who have diabetes and who

obtained their risk score by specifically using the WHO/ISH high information (HI) chart.

The effect of the deprivation score on the QRISK2 algorithm was evaluated at three levels:

maximum, minimum, and median deprivation.

In Chapter 5, it was found that the choice of LI or HI WHO/ISH risk prediction charts

was statistically significant for CVD risk prediction in rural Indian residents (p=0.008;c2=7.03)

with 155 subjects (or 14.5% of 1066 patients) being given different CVD risk scores by the

LI and HI WHO/ISH risk models. Furthermore, the LI and HI WHO/ISH charts disagreed

on the clinically relevant classification of 31% of subjects in a sample of 155 high-risk

individuals who needed treatment (THR). Assuming that the HI WHO/ISH risk prediction

charts were more accurate than the LI charts (on account of using more information), the

LI chart was observed to overpredict risk for THR patients. Therefore, the inclusion of total

cholesterol, which was the only predictor that was excluded in the LI WHO/ISH chart as

compared to the HI WHO/ISH chart, was important in risk prediction.
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To identify patients for whom the assessment of TC would be beneficial prior to the

computation of CVD risk, a parsimonious POC test was developed using established machine

learning techniques namely Random Forest, Regularised Logistic Regression, and Support

Vector Machines. After feature selection, the POC test developed identified the two main

risk factors as being age and SBP, which are routinely collected during risk assessment with

the WHO/ISH charts. The analysis performed found good discrimination of the POC test

with out-of-sample AUCs of 0.85 (RF), 0.84 (SVM), and 0.82 (RLR). The performance of

RF on test data shows that at the maximum F1 score, a sensitivity of 87% and specificity of

71% were achieved while at the maximum F3 score, we obtained 91% sensitivity and 62%

specificity. An understanding of the differences in risk prediction between the LI and HI

models, and adoption of a pre-screening POC test to assess the benefit of a TC test, can aid

planning for resource-allocation and estimating the potential saving in costs for large-scale

screening programmes.

There is a paucity of data with recorded 10-year outcomes on cardiovascular disease in

many lower and middle income countries including India. To compare CVD risk predic-

tion models with known outcomes and to identify highly predictive features for CVD risk

that were similar to the type of inputs required by the mobile-based CDSS, SMARThealth,

data from the Framingham study, which has 10-year CVD events recorded, was utilised as

described in Chapter 6. Eight highly predictive features were identified, and the resulting

prediction model that was trained on the Framingham data (referred to as Model 1) per-

formed comparably to the two versions of FRS. This was exemplified by higher or equal

AUC (0.748±0.03 for Model 1; 0.720±0.01 for FRS-3 simple; 0.729±0.01 for FRS-3 main),

higher log-likelihood score (-239.99±9.59 for Model 1; -251.70±4.23 for FRS-3 simple;

-247.04±4.00 for FRS-3 main), and lower Brier score (0.093±0.004 for Model 1; 0.097±0.001

for FRS-3 simple; 0.095±0.001 for FRS-3 main ) on out-of-sample data from Exam 6 of the
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Framingham Offspring study.

The contributions of age and gender on their own could lead to AUCs close to 0.70, as

was demonstrated by Model 1. However, the mere use of age, or age and gender for CVD

risk screening is a complex question with a latency between evidence and action [182]. On

application of Model 1 and the two versions of the FRS to the rural Indian population, lower

error rates (MAE: 11.79 and RMSE: 13,59) and better calibration were observed for Model 1

in comparison to the two versions of FRS, assuming that the HI WHO/ISH risk model can be

considered as the benchmark. The possibility of recalibrating of Model 1 for rural India was

introduced.

The lack of recorded end outcomes in rural India prompted the use of an unsupervised

approach to identify high-risk patients as described in Chapter 7. Hierarchical clustering

was applied to the rural Indian dataset, and to data from the Framingham study. Low CVD

risk and high CVD risk clusters were found when K̂=2, but also clusters with intermediate

risk when K̂=4. It was found that the cluster compositions and K̂ were consistent across both

datasets (rural India and Framingham). Thus, unsupervised clustering offers an alternative

approach to identifying groups of high-risk patients in rural India.

Previous research has shown the lack of scaling-up in mHealth studies, with only 9

mHealth randomised controlled trials reported in LMICs. The improvements needed to

build a production-ready SMARThealth CDSS for evaluation in a stepped wedged RCT

were discussed in Chapter 8. Notable contributions to the CDSS included the design of a

mechanism for bi-directional synchronisation with OpenMRS for efficient uploading and

retrieval of data in a POC setting. By efficient, we mean minimising the load transactions

during every step of the risk assessment procedure and faster processing (e.g. facilitating key
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variables such as patient ID, priority score to be defined as ‘attributes’ on OpenMRS) .

No data is collected regarding event rates from the control groups in the RCT. However, it

has to be kept in mind that in a stepped wedged cluster RCT, every control group eventually

moves to intervention. In such a case, event rates are captured by the questions on medical

history of the patient that is collected upon every ASHA follow-up. If the patient has visited

either private or public clinic, this is recorded. This is a superficial way of capturing event

rates however, given the focus of the RCT, this may be the best that can be achieved. The

earlier APHRI study was specifically run to collect data from morality registers on CHD.

Because of the diversity in private practice, and a common practice of visiting urban hospitals

if a villager deemed his condition to be important, it is difficult to perform data collection on

events. This is why no major long-term study has been in place yet. Provision of information

technology-driven infrastructure, such as the verbal autopsy developed at UCL may help in

easing the data collection process [215]. However, specific training needs to be given and the

efficacy and efficiency of such a tool is difficult to be determined without proper investigation

in the local context.

The thesis concludes with a presentation of the preliminary data collected during the first

year of the RCT, with high-risk patients having at least five follow-ups selected for analysis.

A statistically significant reduction in median blood pressure was observed for this patient

group (p=0.0097). It was also clear that the proportion of patients on treatment for high BP

continued to rise from the first assessment to fifth follow-up. On completion of the RCT, a

larger dataset will be available to validate the effectiveness of SMARThealth to guide CVD

management. The CDSS has the potential to generate evidence on how best to manage CVD

risk in rural India.



198 Summary and future work

One of the other key contributions in this thesis is the open source software for mHealth

research which was described in Chapters 2, 3, and 8. To enable interoperability amongst

mHealth systems and avoid duplication of effort (as well as the risk of fragmentation),

a standard electronic health record system, OpenMRS (version 1.9) [46], and a standard

mHealth platform, namely the Sanamobile system (version 2.0) [48][49] were integrated into

the CDSS. Three notable contributions to these open-source platforms were:

Addition of a Sanamobile Client Library Sanamobile is an open source telemedicine plat-

form [48]. The work described in this thesis makes two novel contributions to the

development of this open-source platform: (a) the development of a novel client

side Java library; and (b) the addition of new functionality. Specifically, the first

contribution was the development of a client-side library called sanaClientLib, that

provided an application programming interface for allowing any third party mobile

application to connect to a server-side electronic health record through the Sana Mobile

Dispatch Server. The library provided all existing features of the Sanamobile client

application and allowed the user the choice of any Graphical User Interface. More

specifically, it offered flexibility and customisation, such as usage of any database

schema, thereby encouraging modularity. The second contribution was the improve-

ment of the Sana Mobile Dispatch Server, whereby support for OpenMRS ‘patient

attributes’ and encounters were added. This allowed faster access and retrieval of

patient data at point-of-care through storing frequently used variables as attributes

rather the existing method that is encounter-based.

OpenMRS SMARThealth module Another addition to the sever-side OpenMRS [46] sys-

tem was a scheduled patient management routine for healthcare workers. An algorithm

(see Section 8.3.2) was created that utilised a points-based scoring system in order

to rank and prioritise all patients in the medical record system for follow-up care.

The score was based on their medication adherence, modifiable risk factors (such as
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smoking status and blood pressure levels), and compliance to routine CVD screening

and referrals. The ASHA then advises either referral/re-visit to a physician, and/or

guidance (in the form of animations) for smoking cessation or importance of medi-

cation adherence. This algorithm is distributed to run on individual cohorts, then are

the subset of patients that belong to one ASHA and fall within the jurisdiction of one

primary care centre. This helps the ASHA to allocate priority and focus on patients

who need attention, thereby increasing the efficacy of the intervention.

Web-application compatible with OpenMRS A key improvement was the development

of a web-application interoperable with the OpenMRS database schema. It provided

four advantages. First, it offered a convenient graphical user interface that was similar

to Microsoft Excel, software with which the local workforce was familiar. Second,

the web-application enabled regular monitoring of assessments performed by each

ASHA through simple metrics such as frequency of assessments within a time period.

Third, it provided a way for convenient filtering and exporting of data without affecting

the OpenMRS server. Finally, visualisation of frequency of data collected from each

village was possible.

The improvements made to the existing Sanamobile and OpenMRS platforms were both

generic as well as specific to CVD risk assessment and management. Though interest in

mHealth has been increasing [216], the lack of coordinated and tailored delivery within an

organized framework persists as a major obstacle to progress. Ad hoc, isolated implemen-

tations may also result in insufficient considerations for the needs of the population. This

is highlighted by mHealth systems which, when indiscriminately applied to weak health-

care infrastructures, are likely to end up with a transitory or insignificant impact [21]. Our

incremental approach to building mHealth systems using standardised frameworks may

therefore inform better strategies for scaling up and effectiveness, as well as reduce the risk

of fragmentation of purpose and redundancy of effort.
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9.2 Future work

The wealth of data currently being acquired as part of the large-scale RCT in Andhra Pradesh

provides interesting directions for future work.

Evaluation of RCT outcomes The primary outcome from the 2-year RCT is to determine

whether high-risk individuals can achieve adequate control of their blood pressure when

subjected to the intervention used in the trial.

As detailed in chapter 5, BP levels in Andhra Pradesh are largely identical to those

reported in urban India [149][150] for similar age groups, which suggests that the Andhra

Pradesh region is at an advanced stage of transition. Longitudinal data from those above 40

years of age but who are not at high CVD risk will also be available at the end of the RCT.

This is important as it facilitates the creation of prediction models for those likely to develop

hypertension within a given time period in that region. Although we may be able to predict

only short-term risk of hypertension (less than 2-years), the outcome will be crucial as no

known risk models are available in rural India as yet.

In the literature, models for the prediction of hypertension have been developed from

the Framingham heart study [217]. The Framingham hypertension model uses a parametric

accelerated failure time model (described in chapter 4), the premise of which states that

all patients have the same shape of survival curve but that some move faster or slower as

per their co-variates. The covariates used in the Framingham hypertension model, namely

age, gender, SBP, DBP, BMI, family history of hypertension, and smoking status have been

collected in the RCT in Andhra Pradesh as well. The FRS hypertension model was developed

on white individuals who did not have diabetes nor high blood pressure at baseline. Since

the RCT in Andhra Pradesh will record the incidence of hypertension, the FRS hypertension
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model could be recalibrated, similar to the approach of recalibrating the Framingham CVD

risk model to rural India as detailed in Chapter 6.

Information on the number of participants who were smoking at baseline and through

the duration of the RCT is known. Valuable data on the number of participants who quit

smoking and those who resumed after quitting once could therefore be obtained. This ties in

closely with the animations embedded in the SMARThealth RCT application (as described in

Chapter 8) because whenever an ASHA follows up with a high risk patient, she is trained to

impact the modifiable factors of CVD, mainly smoking status and diet. Hence the secondary

trial outcomes include mean change in CVD risk factors such as smoking status, as well as

diabetes, quality of life, number of CVD events, and process outcomes (such as referrals to a

physician).

Formulating deprivation scores from the target population In Chapter 4, a comparison

of three major CVD risk algorithms on data from rural India was performed. The QRISK2

algorithm was tested with three levels of deprivation score. The original formulation for

the deprivation index was based on four variables obtained from census data specific to

the UK: unemployment (lack of material resources and insecurity), overcrowding (material

living conditions), lack of owner occupied accommodation (a proxy indicator of wealth)

and lack of car ownership (a proxy indicator of income). The West Godhavari community

in rural Andhra Pradesh, which is our target population, is a relatively well-off community

in comparison to southern rural India (who are in turn more well-off than counterparts in

northern India). People who are employed in businesses (aqua-culture) and most zamindars

(or landlords who also own vast amounts of farmland) have considerable wealth whilst

those involved in labour-intensive jobs (those who do the work in the field) are actually

impoverished. A multitude of data will be collected in the RCT, such as quality of life

scores, location, occupation, education levels, along with demographic information including
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household size, and household income. These variables from the RCT will also include

longitudinal information, using which interesting insights on deprivation may be gained.

Formulation of a specific deprivation index may then be used for recalibrating the QRISK2

to the Indian population, perhaps through the approach outlined in Chapter 6.

Extending SMARThealth to other resource-constrained settings One of the key fea-

tures in the design of the production-ready SMARThealth system is the system architecture.

Not only is it adapted to a resource-constrained setting (e.g. a robust mechanism for bi-

directional data synchronisation and fail-proof uploading), but it also encompasses elements

of modularity and interoperability. Key constituent elements of the client-side Android

application are shown in Figure 9.1.

Figure 9.1 Key constituent elements of the client-side Android application. The ‘plug-and-
play’ architecture implies that any desired input or algorithm can be added or removed with
minimal modification.

Provision for collecting different input types (e.g. list, multiple choice radio buttons, raw

text) and subsequent data pre-processing (e.g checking range of input entry) are enabled.

Only the input questions therefore require modification. Once data has been entered, there

is a uniform pipeline to process it through to the ‘algorithm template’ of the SMARThealth

system. Any function can be applied to the input data, which can be added in the form of a
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module to the algorithm template.

This ‘plug-and-play’ mechanism is useful for extension of the system to other areas of

chronic disease. For instance, the SMARThealth system has recently been used to identify

mental disorders in rural Andhra Pradesh. To achieve this, modifications may include se-

lection of the desired questions with an appropriate input type (such as radio buttons) and

an algorithm template ‘module’. Since the user interface has been customised to resource-

constrained settings, it is thought that extension of the SMARThealth system to similar

settings could also be achieved.

Non-parametric clustering Non-parametric clustering techniques (such as the Chinese

restaurant process) offer a method for finding the optimal number of clusters, with the the-

oretical possibility of adding an infinite amount of clusters. In addition robustly handling

different data types (categorical, numerical, ordinal, and string) is an evolving subject of

research and could be investigated in greater detail.

The work of Professor De Leeuw at UCLA in the area of multivariate analysis is par-

ticularly relevant. Notably, the R package ‘aspect’ comprises various functions for optimal

scaling [218]. Given a set of questions with responses that are categorical (e.g. say with 3

inputs, namely level of education, marital status, occupation), each category has a resultant

transformation which is obtained by maximisation of a particular ‘aspect’ of the correlation

matrix (such as the sum of the first p eigenvalues or the sum of correlations to the power m).

Upon transformation, the categorical variables can be conveniently used for analysis with

techniques such as PCA.
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Building CVD risk prediction models that adapt to new data This thesis outlined CVD

risk prediction models based on survival analysis techniques, and demonstrated a machine

learning approach to prediction using cross-sectional data in Chapter 6. Although the latter

incorporates techniques that capture non-linear interactions, longitudinal information and

the subsequent handling of censored variables, which are possible with the former, were not

considered. Despite the wide applicability of the Cox regression model for risk prediction,

time-varying information of risk factors from patients cannot be used while testing. Future

work will include a Bayesian approach to modelling risk, whereby the risk of test patients

can be updated as new data is received.
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Appendix A

Worked examples of point-of-care
algorithm in Chapter 5

We present two worked examples of using the Point-of-care (POC) simplified test for deter-
mining if a total cholesterol (TC) test will benefit CVD risk prediction using the WHO/ISH
charts. Patient data is taken from our testing set of the APHRI dataset.

Example 1

Consider a 70 year old male patient whose data is being collected at point of care. He is a
non-smoker and weighs 49kg and is 162.5 cm tall. The patient has two consecutive blood
pressure measurements taken which are recorded to be 137/87 mmHg and 138/84 mmHg.
He also records a random blood glucose level of 79 mg/dl.

1. Prior to determining 10-year CVD risk, we can use equation (1) as described in the
paper,

logit(c) =�5.6554+0.0416⇤Age+0.0132⇤SBP (A.1)

where c is the probability for a patient to require a cholesterol test.

2. The patient’s mean SBP is calculated to be 137.5 mmHg.

logit(c1) =�5.6554+0.0416⇤ (70)+0.0132⇤ (137.5)

c1 =
1

(1+ e�0.9284)

c1 = 0.2832
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3. The threshold corresponding to the maximum F3 score, which has a high sensitivity, is
0.1215. Alternatively, the threshold corresponding to the F1 measure may also be con-
sidered (0.1762) if the user desires a balance between sensitivity and specificity. Both
thresholds are below c1 indicating that a TC test will be beneficial for risk estimation
which implies that it is preferable to use the WHO/ISH HI charts.

The patient’s complete medical data reveals a TC measurement to be 221 mg/dl. Hence the
10-year risk computed using the WHO/ISH LI charts would have been 20 to <30% risk while
risk computed using the HI charts would be 30 to <40% risk. As a side note, if the patient
had been assessed for risk only using the WHO/ISH LI charts, the NPCDCS guidelines
would not have classified the patient as requiring treatment (10-year CVD risk would have
been between 20 to <30% and SBP<140mmHg). On the other hand, the patient’s risk ac-
cording to the HI charts clearly mandates that he ought to be high risk and requiring treatment.

Example 2
Consider a 48-year old male patient, non-smoker with height 158cm and weight 61kg. He
has a mean BP of 154/89 mmHg from two consecutive readings and a glucose level (random)
of 110 mg/dl.

1. Using equation (1), we find

logit(c2) =�5.6554+0.0416⇤ (48)+0.0132⇤ (154)

c2 =
1

(1+ e�1.6258)

c2 = 0.1644

2. If we choose the threshold corresponding to the maximum F3 score (0.1215), a TC
test and risk estimation by the WHO/ISH HI charts are recommend. However, the
threshold for maximum F1 score (0.1762) which offers higher specificity would say
the TC test won’t be necessary and WHO/ISH LI charts would suffice.

The patient’s complete medical data tells us his recorded TC was 208 mg/dl. Both the
WHO/ISH LI charts and HI charts would estimate the 10-year risk to be less than 10% risk.

The variation of age, SBP, and c is shown through Fig. A.1.
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Figure A.1 The variation of c with age and systolic blood pressure.



Appendix B

Historical event list referenced in
Chapter 2

Figure B.1 List of historical events incorporated in the mobile CDSS to obtain accurate
estimate of age. The diagram illustrates the example in case of a male participant.

Male event list

• 1947: India Independence day

• 1948: Assassination of Mahatma Gandhi
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• 1948: Liberation of Hyderabad from Nizam’s Rule

• 1950: India’s Republic day

• 1956: Formation of Andhra Pradesh state

• 1962: India-China war

• 1969: Man landed on Moon first time

• 1970: War with Pakistan

• 1971: Jai Andhra Movement

• 1975-1976: Emergency

• 1977: Janatha party came into power

• 1977: Big cyclone and Diviseema floods

• 1979: Fall of Skylab

• 1983: Formation of TDP government by N T Rama Rao

• 1984: Assassination of Prime Minister Indira Gandhi

• 1985: Rajiv Gandhi became Prime Minster of India

• 1986: Big floods in coastal Andhra

• 1988: Assassination of famous politician V V M Ranga

Female event list

Option A For married women having no children, the following questions may be asked

• Age at puberty (if unknown, record as 13 years)

• Duration between puberty and first marriage

• Duration of the first marriage

• To obtain present age, add all of the above responses

Option B For married women with at least one child, the following questions may be asked

• Age at puberty (if unknown, record as 13 years)

• Duration between puberty and first marriage

• Duration between first marriage and first child
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• Present age of the first child

• To obtain present age, add all of the above responses



Appendix C

Barriers to adoption of mHealth system
in Chapter 2

The following content is extracted from a book chapter [51] written by the author of this
thesis that narrates lessons learnt from the evaluation of the mHealth CDSS, SMARThealth
in rural India.

General user acceptance of the CDSS Qualitative findings indicated that all ASHAs
found the CDSS useful and felt that not only did it enhance their capacity as health workers,
but also helped in raising patient awareness of CVD and healthy behaviour.

“I like all the features of the tool. I feel it will be very useful to the community by creating
awareness about their health and to take care of it. This tool is giving an opportunity to them
to learn about their health." (ASHA 6, age 29)

“They (patients screened) all felt happy to know their CVD risk in advance and to learn
about the impending risk of those diseases. They also informed that by knowing about these
things, what care needs to be taken is made clear to them. They are all happy about the
utility of this tablet and the screening procedure" (ASHA 2, age 29)

The CDSS also benefitted the ASHAs over conventional pa-per-based data collection
methods. The use of the Bluetooth blood pressure device, and glucometers accelerated the
process of collecting risk factor measurements.

“If paper based, it would take a lot of time, it may take nearly half an hour to record
everything But in TAB, it takes a some time at the registration page but takes no time to
measure BP, sugar etc., if we do it quickly, it would end fast." (ASHA 9, age 31)
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Adoption of technology During the UCD phase, different ways of communicating the
meaning of absolute CVD risk developed over time (such as through graphs) was tested on
participants from different villages. The final design of the CDS based CVD risk tool used a
risk projection ’meter’ using a needle and dial, similar to a speedometer, with the risk ranging
from 0 to 100%, with the addition of colour coding which mapped to the WHO/ISH charts.
The ASHAs found this useful to explain the relation between different risk factors such as
BP and absolute risk.

“We show them (patients) the risk meter. When age is moved, this bar moves along. When
the age or BP is high this increases so, we are showing this. . . .This is easier to understand,
as this will move from here to here, whereas that doesn’t move, so this is easier to understand
and also to show the difference comparing with the age and BP" (ASHA 10, age 30)

“I used to show them (patients) this (risk meter) and let them know about the BP. . . .
Simply explaining will not work. If we show this page they can understand it well. If we show
them what is risk, what is normal reading, they understand it well" (ASHA 9, age 31)

The ASHAs experienced difficultly in operating the Bluetooth BP device initially, and
some preferred manual entry or sought assistance. Towards the later stages of the pilot study
(which was spread over 4 weeks), they reported less difficulty and ex-pressed a preference
for Bluetooth transmission to collect the BP data.

“In the beginning I could not have the reading afterwards, it is ok. . . First it was difficult
and now it is easy to transfer. If I press the button, it will take the reading" (ASHA 9, age 31)

“Yes sir, once I felt difficulty in the beginning and then I called sir over phone and asked
for the guidance. . . Initially I thought typing BP values are easy..I felt somewhat difficulty (to
send BP data wirelessly) in the beginning. . . .afterwards, I could do it. . . " (ASHA 11, age 35)

Barriers to increased adoption Use of pictograms was recommended by the ASHAs to
make a greater impact when communicating lifestyle modifications such as salt reduction
and physical activity to local members of the community.

“That will still be better and if we show the spoon in a salt bowel or pictures of exercise
and . . . if we show the pictures it will be better. . . and they will be seen and hence it is easy;
to explain also. . . and they understand by seeing. . . " (ASHA 4, age 32)

Although members of the community valued the role of the CVD risk projection dial in
understanding the relation between different risk factors and absolute CVD risk, they did not
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perceive the meaning of absolute risk in itself. This indicated the need for better mechanisms
of conveying absolute risks, such as through coloured bars and the need to minimise patient
exposure to their percentage of CVD risk.

“They (patients) don’t understand the percentages. . . .I would tell them that as you have
high risk you have to go to the doctor, or if the risk is too low then would say you won’t need
a doctor as your risk is very low. Some of them are asking and some of them are not asking
such questions on what is this percentage. I suggest without using the words percentage
we can convey them this in degrees like more, less and normal or too high" (ASHA 10, age 30)

The low-cost Android tablets used by the ASHAs encountered difficulties including the
uptake of power when connected to a mains power supply. This was compounded by the
limited avail-ability of electricity throughout the day in rural India.

“Charging is a main issue for me. My tablet was not getting charged though I have been
putting it on charge for a long time"(ASHA 6, age 29)

During the training phase of the study, the introduction of auto-mated text messages from
the OpenMRS electronic health record system found poor acceptability amongst community
participants. This was because a majority of eligible participants did not read text messages
(which were in English and added to the language barrier). They were furthermore used
to receiving frequent spam texts. The SMS feature was therefore found infeasible and was
dropped for the pilot study.



Appendix D

List of features selected in Chapter 5

The following set of 40 features that have been reported in CVD literature were chosen from
the APRHI dataset for input into a feature selection algorithm.

• Gender

• Age

• Educational level

• Current smoker

• Cigarettes per day

• Number of smokers in household

• Past history of heart attack

• Past history of angina

• Past history of stroke

• Past history of peripheral vascular disease

• Past history of cardiovascular disease

• Past history of diabetes

• Past history of hypertension

• Past history of elevated total cholesterol

• Relatives diagnosed with diabetes

• Relatives diagnosed with heart attack before 60 years
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• Relatives diagnosed with stroke before 60 years

• Height

• Weight

• Body-mass index

• First systolic blood pressure measurement

• First diastolic blood pressure measurement

• First heart rate measurement

• Second systolic blood pressure measurement

• Second diastolic blood pressure measurement

• Second heart rate measurement

• Average systolic blood pressure measurement

• Average diastolic blood pressure measurement

• Average heart rate measurement

• Glucose

• Fasting before glucose measurement

• Total cholesterol

• HDL cholesterol

• LDL cholesterol

• Triglycerides

• Family history of CVD

• Medication - ACE inhibitors

• Medication - Beta blockers

• Medication - Calcium Antagonists

• Medication - Diuretics

• Medication - treatment for BP

• Medication - Statin


