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This thesis studies no-show behaviour for medical appointments. It comprises four research papers,
each of which addresses a different aspect of the problem. The case study is an outreach program
designed to overcome access barriers affecting low-income patients in Bogota, Colombia. The
research uses a range of approaches, both qualitative and quantitative, and represents a scientific
contribution in terms of the novel methodology developed to tackle some of these problems.
However its key feature is its relevance to real world decision making through a longstanding
collaboration with the Secretaria Distrital de Salud in Bogotd, who have supported the research

throughout.

First, in Chapter 2, we assess the effectiveness of three machine learning models to predict
individual attendance probabilities using routinely collected administrative data. Although all three
models allow us to identify those patients at higher risk of no-show, due to the limitations of the
data it is not possible to understand the reasons behind patients’ health-seeking behaviour.
Therefore, in Chapter 3 we show the benefits of combining these machine learning models with an
in-depth qualitative methodology. Particularly, we aim at understanding patients’ experience with
the cervical cancer screening program in Bogotd. This paper uses a mixed methods approach, in
which qualitative data are used to explain quantitative results. Sixty semi-structured interviews

were conducted, and the Health Belief Model (HBM) used as a conceptual framework to build



second order categories. The Framework method was used to analyse the qualitative data. Then,
in Chapter 4, we validate the use of the HBM to explain and predict no-show behaviour for cervical
cancer screening appointments among low-income hard-to-reach women in Bogota. A randomly
selected sample of 1699 women was surveyed using a 37-item instrument. We quantify the
relationship between each construct of the HBM and the attendance probabilities for cervical
cancer screening. Additionally, we propose a sequential approach to improve the accuracy of the
no-show prediction, using the survey results. Finally, in Chapter 5 we develop a model to select
which patients will receive a given behavioural intervention to increase attendance, in situations
where funding is limited. Our aim is to classify patients into three groups, based on their attendance
probabilities: one group at high risk of no-show who will receive a more costly personalized
intervention; a medium-risk group who will receive a cheaper mass intervention; and a low-risk
group who will not receive any intervention at all. To do this in a fair way, i.e. one that does not
disadvantage specific subgroups, we develop a novel optimization-based post-processing approach

aimed at addressing machine learning bias in the algorithmic classification problem.
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Chapter 1

Chapter1 Introduction

This PhD thesis aims at understanding patient no-show behaviour in healthcare systems, with a
focus on developing countries. The case study context is an outreach program in the city of Bogota,
Colombia. However, the methods used and the OR models developed are widely applicable. The
thesis is structured as a Research Paper PhD in which each paper addresses a different aspect of
the problem. The results of the developed models, when linked, can be used to support planning

decisions and ultimately, improve health outcomes.

1.1 Research context

My objective is to support the outpatient service delivery process, in high no-show settings, using
Operational Research (OR) modelling approaches. No-show behaviour has been identified as a
critical issue for health systems, affecting primarily low-income communities (Brewster et al., 2020;
Daye et al., 2018). In terms of quality of care, missed appointments might lead to delays in diagnosis
and initiation of treatment (Zebina et al., 2019), increased premature mortality rates (McQueenie
et al,, 2019), increased use of emergency services (Wallace et al. 2018), longer lead times (Mikhaeil
et al., 2019), and access problems (Ruggeri et al., 2020), among others. Additionally, economic
consequences could include idle time for both physicians and consultancy rooms (Finn et al., 2019),
increased cost of care (Weaver et al., 2019), and financial burden for service providers (Kheirkhah
etal., 2016). Therefore, there is a growing interest in understanding no-show determinants (Dantas

et al., 2018) and minimizing its impact (Millhiser & Veral, 2019).

The case study is of an outreach program called Acciones Colectivas en Salud (ACS). ACS
was instituted by The District Secretariat of Health (SDS) to overcome access barriers affecting low-
income patients in Bogota, Colombia. Broadly, the program consists of a group of community

workers visiting patients, who are sparsely geographically distributed, to assess health risks,
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quantify needs and define care pathways within the health system. The service process can be
summarized in three phases. First, patients are identified using databases of social programs.
Second, community workers make home visits to assess general health conditions and classify
patients according to their health risk level. Lastly, in the third phase, a medical appointment is
scheduled for each assessed patient in one or more services. Table 1.1 presents the objective of the
first appointment, in each service, as defined by the National Health Authority (Resolution 603280,
2018). Since the General Health Security System in Colombia reached universal coverage in 2014
(OECD, 2016), at the end of this third phase the barrier to access healthcare is considered overcome
and the patient is expected to start treatment using the services of their insurance company. The
city is divided into four clusters providing health services and, for each cluster, a team is in charge

of the operational decisions of the program.

Table 1.1 Services and objectives of the ACS program

Service Objective

Oral Health (OH) To assess oral health status and promote self-care.

Growth and Development (G&D) To assess and follow up growth and development status among children.

Young Adult Program (YAP) To assess health status and development risks.

Senior Program (SP) To assess health status and identity major changes.

CCU Program To increase cervical cancer screening uptake rate.

Breast Cancer Screening To increase early diagnosis of breast cancer.

Family Planning To provide relevant information and counselling.
Antenatal Care To ensure timely access and improve health outcomes.
Emergencies To control health risks that might endanger quality of life.
Visual Care To assess health status.

1.2 Research motivation

Over the last three years, the ACS coverage has grown considerably. Therefore, there is a pressure
to improve planning processes and resource allocation. The local health authority (Secretaria
Distrital de Salud, SDS) has defined three performance indicators to assess the operation: (i) the

percentage of visits in which risk assessment is performed. (ii) the percentage of appointments
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given within a target lead time (i.e. the elapsed time between the date of the home visit and the
appointment date). (iii) the percentage of attended appointments. After a series of initial meetings
with ACS managers and two workshops with the community workers in charge of the operation, it
became clear that high no-show rates are a concern. All the efforts to plan the operation and to
overcome healthcare access barriers have been hampered by what is perceived as low patient
engagement. Consequently, we aim at understanding how OR modelling approaches can be used

to support local authorities aiming to improve service delivery processes.

The first step was to model patient no-show behaviour. Individual attendance probabilities
were predicted by leveraging administrative health data. We implemented three machine learning
techniques and found satisfactory levels of accuracy. Consequently, it was possible to identify the
characteristics of the patients with high no-show risk. Then, to understand the reasons behind the
low attendance levels, we conducted 60 semi-structured interviews. The sample included patients
with high no-show risk who had failed to keep their appointments for cervical cancer screening.
Analysing the qualitative data, we found that the Health Believe Model (HBM) was a suitable
conceptual framework to build second-order categories. However, it was not possible to draw
conclusions about the relationship between the HBM constructs and the no-show behaviour.
Therefore, we decided to conduct a survey among 1699 women and validate the use of the HBM

to predict no-show for cervical cancer screening, among the targeted population.

Then we used the knowledge about the patient behaviour to support the planning process. SDS
decided to design two behavioural interventions to increase cervical screening uptake, among hard-
to-reach women. Therefore, patients needed to be classified into three groups: a group who would
receive a personalized intervention (Group A), a group who would receive a mass intervention
(Group B) and a group that would not receive any intervention at all (Group C). We used a bi-
objective optimisation approach to improve the group fairness of a ML-based classification,

following a post-processing approach.
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1.3 Research aims and contributions

Figure 1.1 is a graphical representation of four research approaches dealing with no-show rates in
medical appointments. As can be seen, we propose a classification into two categories considering
the main research output: i) new information or ii) recommendations to change the way the system
operates. Utilising these categories, on one hand, prediction models can be designed to identify
patients with higher no-show risk (research approach 1) or interpretative models can be used to
understand perceived barriers of access (research approach 2). On the other hand, it is possible to
minimize the impact of no-show rates by supporting the planning process using resource allocation
or scheduling models (research approach 3) or to reduce no-show rates by designing and

implementing interventions to change patient behaviour (research approach 4).
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Figure 1.1 Previous research approaches in no-shows for medical appointments
Although different research communities have traditionally conducted research in both
categories, generating new information or redesigning service delivery process, we argue that
planning models can be improved using information regarding no-show probabilities and perceived

access barriers. Therefore, human behaviour is modelled in order to improve system representation
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and increase potential for implementation of the results (Brailsford, Harper, and Sykes 2012;
Alwasel, Fakhimi, and Stergioulas 2019). We pursue the following objectives:
1. To develop machine learning (ML) models to predict individual no-show
probabilities.
2. To model the patient decision-making process in healthcare-seeking behaviour.

3. To support intervention operational planning incorporating patient behaviour.

This work has been developed in close collaboration with SDS. Therefore, our results will be
used to inform policy decisions and service design. We have made the following three particular
contributions:

1. The novel application of an explainable machine learning approach using routine
patient data to improve accuracy in no-show prediction.

2. Understanding the reasons for no-show behaviour in our study context and
modelling it.

3. Proposing a novel optimisation-based post-processing approach to deal with ML

bias and include patient behaviour in planning models.

1.4 Overview of problems and methods

Table 1.2 presents an overview of the studied problems, methods, and data. Four papers were
written. In the first paper, we used electronic records from SDS in order to predict individual no-
show probabilities. We contributed to research in this field in three ways. First, the effectiveness of
machine learning to improve accuracy of the regression models, for no-show prediction, was
assessed. We used Random Forest (RF) in order to model non-linear relationships, and Neural
Networks (NN) to include possible variable interactions. Second, variables affecting no-show
probabilities in a developing context were identified. In order to do this, we used a Least Absolute

Shrinkage and Selection Operator (LASSO) regression model. Lastly, we used Layer-wise Relevance
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Propagation (LRP) in a novel context to generate insights from the NN prediction. This is particularly
relevant considering that lack of explanation, in healthcare decision support systems, can lead to
both practical and ethical issues (Guidotti et al., 2018). For example, decision makers need to
understand the reasons underpinning a prediction in order to trust the results (Fong & Vedaldi,
2019; Shawi et al., 2019). Additionally, if the outcome of a Decision Support System could
potentially have impact in the quality of the provided health service, there is a need to ensure
impartiality in decision-making by using interpretable models that enable bias in the data set to be

detected and corrected (Barredo Arrieta et al., 2020).

However, several limitations arise from quantitative modelling for no-show behaviour. It
has been argued that, due to its retrospective methods, it is not possible to identify the reasons
that could lead to a missed appointment (McComb et al. 2017; Lee, Kim, and Kim 2018). Thus, in
the second paper, we used a mixed methods approach to understand the reasons for no-show
behaviour for cervical cancer screening appointments among low-income women in Bogot3,
Colombia. Out of the eleven services included in ACS, we decided to focus on Cervical Cancer
Screening as incidence and mortality rates of this disease were a major concern for public health
professionals in SDS. In the quantitative phase, individual no-show probabilities were predicted
using administrative records from the ACS program using both LASSO regression and Random
Forest methods. In the qualitative phase, semi-structured interviews were analysed to understand
patient perspectives. Both inductive and deductive coding were used to identify first order
categories and content analysis was facilitated using the Framework method (Spencer et al., 2014).
In this research, integration occurred at two points: i) a patient was invited to take part in the
interviews only if her no-show risk, according to the prediction models, was medium or high and ii)
the results of the interviews were used to enhance the analysis of the prediction models. Therefore,
we were able to generate some insights regarding the no-show behaviour beyond the identification

of risk categories.



Table 1.2 Problems and methods.
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Paper Objective Models/Methods Data
1 To predict individual LASSO Regression  Administrative electronic records (n=53311)
no-show retrieved from SDS information system.
probabilities. Random Forest Observatlon.tlme window 2017-2019. This
data base includes four (out of eleven
services) and one (out of four) city clusters.
Neural Networks
2 To understand no- LASSO Regression  Administrative electronic records (n=23384)
show behaviour for retrieved from SDS information system.
cervical-cancer Observation time window 2017-2019. This
screening among data base includes the four city clusters for
hard-to-reach low- Random Forest the Cervical Cancer Screening Uptake
income women in service.
Bogota, Colombia
Framework Semi structured interviews (n=60).
method for
qualitative data
3 To assess women’s LASSO Regression  Administrative electronic records (n=23384)
beliefs about cervical retrieved from SDS information system.
screening. Observation time window 2017-2019. This
data base includes the four city clusters.
Random Forest Poverty level for each patient, retrieved
from the insurance company information
system (n=23384).
Principal A 37-item questionnaire to measure the
Component constructs of the Champion’s revised Health
Analysis Beliefs Model (CHBM) towards cervical
cancer screening. Data were collected
through a face-to-face survey (n = 1699)
4 To improve fairness in  Optimisation Administrative electronic records (n=23384)

ML-enabled
affirmative actions,
following an
optimization-based
post-processing
approach

retrieved from SDS information system.
Observation time window 2017-2019. This
data base includes the four city clusters.

Poverty level for each patient, retrieved
from the insurance company information
system.
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In the third paper, we aimed at assessing beliefs about cervical cancer screening and
quantifying their relationship with the individual no-show probabilities among hard-to-reach
women in Bogota. We used a 37-item questionnaire to measure the constructs of the Champion’s
revised Health Beliefs Model (CHBM) towards cervical cancer screening. Data were collected
through a face-to-face survey (N = 1699). We examined instrument reliability using Cronbach’s
coefficient and performed a principal component analysis to assess construct validity. Then,
Kruskal-Wallis and Dunn tests were conducted to analyse differences on the HBM scores, among
patients with different poverty levels. Lastly, to predict individual no-show probabilities we
followed a sequential approach. First, we trained a LASSO regression with data retrieved from
administrative health records. We hypothesized that by using historical data the model would be
better able to identify patterns of attendance. With this model, we predicted the no-show
probability for each patient in the survey data set. Then, a second model was fitted using the first
model prediction and the 37 items in the survey. The performance of this model was assessed using

the average AUROC score of 100 experiments.

In the fourth paper, we proposed an optimization approach to improve group fairness in
ML-enabled affirmative actions. As part of ACS, SDS is interested in designing two interventions to
increase cervical cancer screening uptake. While the first intervention is personalized and highly
resource intensive, the second one is a mass strategy aimed at improving coverage. To ensure cost-
effectiveness and financial sustainability of the system, there is a capacity constraint for each
strategy. From the operational perspective, the decision of who will take part of each intervention
is made based on the predicted individual probabilities of achieving the outcome without
intervention. In this context, the population should be divided into three groups: a group for the
personalized intervention (Group A), a group for the mass intervention (Group B) and group that
will not participate in any intervention at all (Group C). Our bi-objective model maximizes accuracy

and minimizes inequality of the classification.
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1.5 Collaboration with other researchers

Table 1.3 presents information on the role other researchers have had in this thesis, using the
Contributor Roles Taxonomy (CRediT)®. Columns two, three and four refer to the members of the

supervisory team: Professor Sally Brailsford (SCB), Dr. Steffen Bayer (SB), and Dr. Honora Smith (HS).

Paper 1 was developed with the collaboration of Dr. Cristian Bravo (CB) who was part of the
supervisory team until November 2020. Since August 2020, Dr. Bravo holds a Canada Research Chair

at Western University, Ontario Canada.

Paper 2 was developed with the collaboration of three researchers from Colombia. Laura
Bocanegra (LB) was ACS coordinator between 2018 and 2020 at SDS. She supervised qualitative
data collection. Qualitative data analysis was conducted in Spanish. For each interview, two
researchers were assigned to code independently. Dr. Valentina Gutiérrez (VG) and Dr. Adriana Diaz
(AD) were part of the coding team. They both hold assistant-professor positions at Universidad del

Valle and Pontificia Universidad Javeriana, respectively.

Paper 4 was developed with the collaboration of Dr. Adrianne Chapman (AC), Associate
professor of the Electronics and Computer Science Department, at University of Southampton. The
work of this chapter was partially funded by Institute for Life Sciences, under the project “Fair
access to healthcare: equitable use of routine patient data to prevent no-shows for hospital

appointments.”

L https://casrai.org/credit/



Chapter 1

Table 1.3 Contributor roles for each chapter.

Chapter SCB SB  HS CB LB AD VG AC

Chapter 2: Predicting no-shows
Supervision
Writing - Review & Editing
Chapter 3: Understanding no-shows
Data curation
Formal Analysis qualitative X X X
Supervision
Writing - Review & Editing
Chapter 4: Assessing beliefs
Supervision
Writing - Review & Editing
Chapter 5: Improving fairness
Supervision X X
Writing - Review & Editing X X

1.6 The structure of this thesis
This thesis is organised as follows:

Chapter 1 presents the introduction. We discuss the research context, motivation and aims.

Additionally, we provide an overview of the problems addressed and the data used in each paper.

Chapter 2 contains the paper “Improving healthcare access management by predicting

patient no-show behaviour”. This paper has been published in the journal Decision Support Systems.

Chapter 3 contains the paper “Understanding no-show behaviour for cervical cancer
screening appointments among low-income women in Bogota, Colombia: a mixed-methods

approach”. This paper has been published in PLOS One.

Chapter 4 contains the paper “Improving intervention design to promote cervical cancer
screening among hard-to-reach women: assessing beliefs and predicting individual attendance
probabilities in Bogota, Colombia”. This paper has been published in the journal BMC Women’s

Health.
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Chapter 5 contains the paper “Improving fairness in machine learning-enabled affirmative
actions: a case study in preventive healthcare”. This paper has been submitted to the Journal of the

Operational Research Society (JORS), and is currently under review.

Chapter 6 presents work in progress on impact evaluation of ACS using Agent Based
Simulation (ABS). A conceptual model has been developed and validated with managers and
clinicians, but COVID-related issues with data collection have delayed the development of a

computer model.

11
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Chapter 2  Predicting No-show behaviour
Abstract

Low attendance levels in medical appointments have been associated with poor health outcomes
and efficiency problems for service providers. To address this problem, healthcare managers could
aim at improving attendance levels or minimizing the operational impact of no-shows by adapting
resource allocation policies. However, given the uncertainty of patient behaviour, generating
relevant information regarding no-show probabilities could support the decision-making process
for both approaches. In this context many researchers have used multiple regression models to
identify patient and appointment characteristics than can be used as good predictors for no-show
probabilities. This work develops a Decision Support System (DSS) to support the implementation
of strategies to encourage attendance, for a preventive care program targeted at underserved
communities in Bogotd, Colombia. Our contribution to literature is threefold. Firstly, we assess the
effectiveness of different machine learning approaches to improve the accuracy of regression
models. In particular, Random Forest and Neural Networks are used to model the problem
accounting for non-linearity and variable interactions. Secondly, we propose a novel use of Layer-
wise Relevance Propagation in order to improve the explainability of neural network predictions
and obtain insights from the modelling step. Thirdly, we identify variables explaining no-show
probabilities in a developing context and study its policy implications and potential for improving
healthcare access. In addition to quantifying relationships reported in previous studies, we find that
income and neighbourhood crime statistics correlate with no-show probabilities. Our results will
support patient prioritization in a pilot behavioural intervention and will inform appointment

planning decisions.
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2.1 Introduction

High no-show rates are a major issue for health systems. On the one hand, there is a link between
low attendance levels and poor health outcomes: consequences include delays in diagnosis and
initiation of treatment (Zebina et al., 2019), increased premature mortality rates (McQueenie et al.,
2019) and increased use of emergency services (D. J. Wallace et al., 2018), among others. On the
other hand, high no-show rates reduce efficiency for service providers. When a patient fails to keep
an appointment, it usually results in a vacant slot that might have been used by another patient
(Mikhaeil et al., 2019), increases cost of care (Weaver et al., 2019) and generates idle time for both
physicians and consultancy rooms (Finn et al., 2019). Consequently, there is a growing interest from
the healthcare community in understanding the determinants of no-show behaviour (Dantas et al.,

2018) and minimizing its impact (Millhiser & Veral, 2019).

Two main approaches can be used to deal with no-shows in healthcare settings: to improve
attendance levels or to minimize impact. The first approach is premised on the idea that it is
possible to change patient behaviour. Strategies such as phone reminders (Wu et al., 2019) and
education programs (Weaver et al., 2019) have been successfully implemented in different
contexts. According to Zebina et al. (2019) a key element in this approach is to be able to correctly
identify the patients that should be targeted with each strategy. In contrast, the underlying
assumption of the second approach is that such changes in behaviour are unlikely to be achieved,
and thus the objective is to minimize the impact of no-shows, e.g. by improving the decision-making
process regarding resource allocation and scheduling (Millhiser & Veral, 2019). Given the
uncertainty of patient behaviour, generating relevant information concerning no-show
probabilities could improve the results of both approaches (Ahmadi-Javid et al., 2017; Schwebel &

Larimer, 2018).

Good estimates of attendance levels have the potential to improve policy evaluation
(Brailsford, Harper, and Sykes 2012), to minimize undesired effects of resource allocation practices

(such as overbooking) (Daggy et al., 2010) and to inform identification of influential stakeholders.
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This is particularly important considering that one of the main objectives is to generate information
that can be used to improve management practices (Shuja et al., 2019). However, there has been
very little discussion in the literature on the trade-offs between using ‘black box’ approaches
(sophisticated analytical methods that would be incomprehensible to most healthcare managers)
and more easily interpretable but less accurate approaches such as regression models (Topuz et al.,

2018).

The context of the study described in this paper is a primary healthcare program targeted
at underserved communities in Bogotd, Colombia. Under this program, community workers make
home visits to assess health-risk levels and then, if required, schedule medical appointments. Over
the two years 2017-2018 the program coverage grew considerably but unfortunately no-show rates
for the scheduled medical appointments also grew, reaching levels of 35% and above.
Consequently, there was pressure to improve planning processes and use resources more
efficiently. In this context, SDS decided to implement two types of behavioural interventions to
increase attendance levels. However, some patients are expected to attend their appointments
without any intervention. Then, a decision on who will be invited to each intervention needs to be

made.

In this work, we develop a Decision Support System (DSS) to support the implementation
of strategies to reduce no-show rates in this program. It has been argued that in complex problems
with multiple variables and fragmented data, information systems have potential to improve
resource allocation practices (Chaudhuri & Bose, 2020) and increase system performance
(Fredrickson et al., 2019). Hence, the DSS will use routinely collected data and Machine Learning
(ML) methods to classify patients in three risk categories (low, medium and high) in terms of their
individual no-show probability. Any intervention to encourage attendance will incur a cost, and
hence it is expected to be more cost-effective to target such interventions at medium and high risk

patients.
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We describe the development of a DSS to support patient classification. When designing
socio-technical artefacts such as models and DSSs, Design Science Research (DSR) offers a
framework to include human actors in the process, increasing the potential of implementation
(Gregor & Hevner, 2013). Therefore we adopt the DSR approach of Peffers et al. (2007) and address
three research questions:
e How reliably can routinely collected data on patient and appointment characteristics be used
to predict no-show probabilities?
e What is the added value, in terms of AUROC (Area Under the Receiver Operating
Characteristic curve), of using different ML approaches to predict no-show probabilities?
e How might insights obtained from these classification models be used in practice to reduce

no-shows?

The paper is structured as follows. Section 2 presents recent work in no-show prediction,
both in terms of the variables used and the modelling approach. Section 3 presents our DSR
approach, describing the problem definition, the proposed solution, the design, and the
demonstration and evaluation phases. Section 4 presents a descriptive analysis of the available
data. Section 5 discusses the results and how these no-show risk classifications could be used in

practice. Finally, Section 6 presents some general reflections.

2.2 Related work

Dantas et al. (2018) reviewed studies about no-show prediction in health care, published between
1980 and 2016, and classified each reference considering the prediction variables, the modelling
approach and the context of the application. The authors found that, over the last ten years, most
studies use Multiple Logistic Regression models to quantify relationship between patient
characteristics and no-show behaviour. Additionally, despite the highest no-show rates in the world
being in Africa (43%), South America (28%) and Asia (25%), this problem was found to have been

mainly studied in developed countries.
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No-show behaviour in primary care appointments has been widely studied (Dantas et al.,

2018). At least two features can been argued to explain the scientific interest: firstly, since primary
care services are designed to serve large populations, the economic impact of inefficiencies may be
greater than in specialized low-coverage services (Norris et al., 2014). Secondly, primary care
patients are highly heterogeneous; thus, there is evidence that supports contradictory results
regarding the impact that patient characteristics might have on no-show rates (Ellis et al., 2017). In
this section, we discuss no-show studies that are related to primary care settings and were
published after the review conducted by Dantas et al. (2018). Table 2.1 presents the modelling

approach, sample size and main predictive variables in each of the relevant studies.

To understand the impact of a particular feature on no-show rates, several studies have
been conducted using large datasets. McComb et al. (2017) find that the impact of lead time on no-
show rates is greater among patients who cancel and were rescheduled. Ellis, Luther, and Jenkins
(2018) conclude that reduced sleep consequence of the spring daylight savings change, increased
no-show rates, suggesting seasonality on the patterns. Both studies present ways in which the
results could be used to improve scheduling practices. More recently, Wallace et al. (2018) conclude
that patients with lower income and longer travel times to the medical facility are more likely to

miss their appointments.

A second approach is to identify patient- and practice-related factors that predict no-show
probabilities, using regression models. Ellis et al. (2017) find that age, socioeconomic status and
lead times are good predictors for repeated non-attendance in Scotland. Analysing data from
hospitals in south-west England, French et al. (2017) conclude that children from higher deprivation
areas are more likely to miss their appointments. Goffman et al. (2017) report that no-show history,
age and having multiple appointments scheduled on the same day are good predictors for no-show
rates among veterans in the United States. Ding et al. (2018) discuss the need for designing different
risk models for each medical service and facility in order to improve accuracy. Lastly, Tsai et al.

(2019) find that patient gender, age and no-show history are good predictors in Taiwan.
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Table 2.1 No-show studies in primary care settings published since 2017

Chapter 2

Appointment variables

Patient variables

Reference Country Sasri:zle Method Lead time Day Distance Weather Season Gender NQ-ShOW Age Race Marital
history Status

(Ellis et al., 2017) United Kingdom 9,177,054 LR X X
(French et al., 2017) United Kingdom 2,488 LR X
(Goffman et al., 2017) United States 18,000,000 LR X X
(McComb et al., 2017) United States 46,710 Chi-squared X
(Ding et al., 2018) United States 2,231,000 LR X X
(Ellis et al., 2018) United Kingdom 7,351,597 Chi-squared X
(Mohammadi et al.,
2018) United States 73,811 LR/BC/NN X X X X X
(Topuz et al., 2018) United States 105,344 BBN X X X X
(D.J. Wallace et al., 2018) United States 51,580 LR X X X X
(Parker et al., 2019) United States 509 LR X X
(Tsai et al., 2019) Taiwan 2,132,577 LR X X X X X

LR: Logistic regression, BC: Bayes Classifier, NN: Neural Networks, BBN: Bayes Behaviour Network
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In Design Science Research (DSR), knowledge can be descriptive (about the phenomena) or
prescriptive (about the human-built artefacts) (Gregor & Hevner, 2013). This paper adds to the
existing body of research on no-show behaviour not only by its use of ML methods on routine health
data (the artefact) but also through its focus on developing countries (the phenomena). According
to Dantas et al. (2018), between 2005 and 2016, most of the research uses regression models in
order to predict no-show probabilities. However, recent studies explore the use of other machine
learning techniques. Mohammadi et al. (2018) analyse data from electronic health records, over a
3-year period, from Community Health Centres in Indianapolis. The authors implement logistic
regression, neural networks and a Bayes classifier to predict no-show probabilities on a dataset
containing 73,811 appointments. Unusually, the regression models and Bayes classifier perform
better than neural networks, with AUROC values of 0.81, 0.86 and 0.66, respectively. Similarly,
Topuz et al. (2018) assess the effectiveness of Bayesian Belief Networks and propose an elastic net
variable selection methodology. The authors conclude that there is a potential for machine learning
methods to support improvements in management practices by providing accurate prediction of
no-show probabilities. These studies make no mention of interpretability of these black-box

models, a topic we tackle in this paper.

Lastly, while the same modelling methodology can be generalized to different countries,
and the same independent variables have been used across different contexts and service settings,
there is considerable variation between service delivery processes and the demographic and
epidemiological population profiles in different countries. Each setting must be independently
modelled to generate relevant information. Furthermore, previous studies in developing countries
report specific features unique to that setting. Challenges such as low use of technology to
centralize patient information (Ade et al., 2016; Giunta et al., 2013), income inequality and job
instability (Barijis et al., 2013; Machado et al., 2011), long travel distances and poverty (Mbada et
al., 2013), access barriers to specialized care (Tseng, 2010) and even low quality expectations

(Machado et al., 2011) lead to different interactions between patients and service providers.
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Consequently, a systematic effort to develop prediction models and customize strategies for

developing countries is required, and we do so in this work.

2.3 A Design Science Research Approach

In this section, we present a DSR approach to allow program managers to select patients who will
participate in different behavioural interventions, by designing an ML-based DSS. Table 2.2 presents

an overview as five of the six steps in the DSR methodology proposed by Peffers et al. (2007).

Table 2.2 Methodology for Design Science Research (Peffers et al., 2007)

Phase Our Study

Problem definition and To reduce no-show rates, associated with poor patient outcomes and

motivation inefficient use of resources
Objectives for a To allow program managers to select patients who will participate in
solution different behavioural interventions aimed at increasing attendance levels.

We compare four ML modelling approaches and address three questions:
1. How reliably can routinely collected data on patient and appointment
Design and characteristics be used to predict no-show probabilities?
development 2.  Which ML approach performs best, using the AUROC metric?
3. How might insights obtained from these classification models be used
in practice to reduce no-shows?

Performance assessment using the average AUROC score of a 10-by-10 Cross

Demonstration .
validation.

Impact on the coverage and risk of an intervention when a classification

Evaluation . .
algorithm is used

2.3.1 Problem Definition, Scope and Context.

Broadly speaking, the national healthcare system in Colombia (Sistema General de Seguridad en
Salud, SGSS) can be understood as a managed competition model with two insurance schemes: one
contributory, covering people who are in formal employment, and one subsidized, covering people
unable to pay (Vargas et al., 2016). Despite guaranteeing universal coverage, the SGSS faces
constant challenges to improve service quality, increase efficiency and eliminate access barriers
(OECD, 2016). Recent studies have shown that these challenges primarily affect patients of lower
socioeconomic status (Garcia-Subirats et al., 2014; Rivillas & Colonia, 2017; Vargas et al., 2010).

Therefore, the District Secretary of Health (Secretaria Distrital de Salud, SDS) in Bogota instituted a
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program to eliminate access barriers affecting low-income patients in the city. The program consists
of a group of community workers visiting patients, who are sparsely geographically distributed, to

assess risks, quantify needs and define care routes within the health system.

The service process of the program can be summarized in three phases. First, patients are
identified using existing databases from other social programs. Second, community workers make
home visits and classify patients as high, medium or low risk. Finally, in the third phase, a primary
care pathway is defined for each patient, according to their level of health risk of needing a service.
For each high or medium risk patient, a first medical appointment is scheduled in one or more
services. Table 2.3 presents the objective of the first appointment, in each service, as defined by
the National Health Authority (Resolution 603280, 2018). At the end of this phase, the barrier is
considered to be overcome, and the patient is expected to start treatment using the services of the
relevant insurance scheme. The city is divided into four clusters providing health services and, for

each cluster, a team is in charge of the operational decisions of the program.

Table 2.3 Services and objectives of the program

Service Objective

Oral health (OH) To assess oral health status and promote self-care.

Grow and Development (G&D) To assess and follow up growth and development status among children.
Young Adult Program (YAP) To assess health status and development risks.

Senior Program (SP) To assess health status and identity major changes.

CCU Program To increase early diagnosis of cervical cancer.

Breast Cancer Screening To increase early diagnosis of breast cancer.

Family Planning To provide relevant information and counselling.
Antenatal Care To ensure timely access and improve health outcomes.
Emergencies To control health risks that might endanger quality of life.
Visual Care To assess health status.
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The SDS has defined three performance indicators to assess the operation of the program.

(i) The percentage of effective visits, i.e. where the patient was physically present at the
registered address at the time of the visit, and the community worker was able to assess
them and make a risk classification.

(ii) The percentage of appointments given within a target lead time. The designated health
centre may not have the capacity to treat the patient within the required time limit, and in
such cases the earliest appointment is given.

(iii) The percentage of attendance at appointments (i.e., the percentage of no-shows). These
patients might enter the health system later via emergency departments due to

complications of the identified risks.

By the end of 2018, program managers faced challenges with indicators (ii) and (iii). Only
30% of appointments met lead time targets and no-show rates reached levels of 35% in some

services.

2.3.2 The proposed solution

In this context, different interventions could be used to modify patient behaviour and improve
program performance. Phone reminders (Steiner et al., 2018; Tull et al., 2019), education (Weaver
et al., 2019) and engagement programs (Michelson & Day, 2014), among others, have shown
positive impact in decreasing no-show rates in different service contexts. However, such
interventions are most cost-effective when patients are classified according to their no-show risk
(Weaver et al., 2019; Wu et al., 2019). Therefore, SDS has identified the need to divide patients into
three groups. Group A will contain 30% of the patients, due to economic and operational
constraints, no additional action will be implemented for them. For Group B, 40% of patients, lower-
cost technology-based interventions such as SMS reminders will be evaluated. Group C will contain
the remaining 30% of patients. For these, personalized interventions such as engagement or

education programs will be designed to improve attendance levels.
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It has been argued that by introducing decision support tools, organizations can encourage
reasoned thinking, reduce bias and improve decision quality (Féris et al., 2017). Therefore, in this
paper, we design a DSS to allow program managers to select patients who will participate in
different behavioural interventions. Additionally, when adopting a DSR approach, there is a need
to explicitly formulate a set of statements describing the goal, and the means to achieve it. These
prescriptive statements are called design principles and are a distinctive characteristic of design
knowledge (Gregor et al., n.d.). After conducting a series of meetings with program managers at
SDS and reviewing research papers dealing with no-show behaviour for healthcare appointments,
Table 2.4 presents the resulting components of our design principle using the schema proposed by
Gregor, Chandra Kruse, and Seidel. Within this strategy, the success of a set of interventions relies
on the quality of the classification. Then, we define two performance indicators that describe the
accuracy. The first is the coverage, defined as the percentage of no-show patients that end up
classified in Group C, and the second is the risk, defined as the percentage of such patients that end
up classified in Group A. A good classification will have high coverage and low risk. In contrast,
considering the sizes of groups A and C, a random classification would have both coverage and risk

equal to 30%.

Table 2.4 Components of the design principle

Design principle Our DSS

Aim, Implementer and User  To allow program managers to select patients who will participate
in different behavioural interventions aimed at increasing
attendance levels.

Context A primary care program, in a developing country, with high no-
show rates.

Mechanism Predict individual no-show probabilities using ML techniques.

Rationale Behavioural interventions are most cost-effective when patients

are classified according to their no-show risk.

233 Design and development: the tested modelling approaches

The first step in the process is the quantification of linear relationships between variables and no-

show probabilities. Ordinary least squares (OLS) estimation is widely used to that end. However,
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Tibshirani (1996) analyses two major drawbacks of OLS: accuracy and interpretation. Since OLS
estimates have large variance, setting some coefficients to zero contributes to overcoming both
limitations. Therefore, Tibshirani proposes the LASSO regression model, which minimizes the
residual sum of squares and ensures that the sum of the absolute value of the coefficients is less
than some chosen value. Recent applications of this model include forecasting (Wang et al., 2018)
and classification problems (Z. Zhang & Hong, 2017). We have used Scikit-Learn’s logistic regression
CV implementation, setting the alpha value to 0 so as not to not use ridge regression, and all other
parameters have been left at their default values (Pedregosa et al., 2011). Additionally, we perform
a parametric analysis on the penalty constant of the model. For each service, thirty values are tested
(10 values for each of the following three intervals: (0-0.1], (0.1-1], (1-10]) selecting the constant
under which the AUROC is stable (i.e. its improvement is marginal) and the prediction depends on
the minimum number of variables. Then, for each input variable, we interpret the average
coefficients of a 10-by-10 CV. These results are used to inform feature selection for both the RF and

the NN.

Although logistic regression (LR) models are highly interpretable (i.e. understandable by
non-experts), they may not be useful in contexts where the relationships between variables are
nonlinear (Auret & Aldrich, 2012). For those cases, tree-based ensemble algorithms have shown
good performance and modelling flexibility (Breiman, 2002). Tree classifiers split the data set
according to a criterion maximizing separation; the result is a tree-like structure (Dreiseitl & Ohno-
Machado, 2002). An ensemble of tree predictors, where each tree depends on the values of a
random sample of both cases and variables, is called a Random Forest (Breiman, 2001). For
classification problems, RFs help to overcome the risk of overfitting, are less sensitive to outliers,
and eliminate the need of pruning (Ali et al., 2012). It is been argued that the use of oversampling
techniques could lead to overly optimistic prediction results (Vandewiele et al., 2020). Therefore,
in order to deal with an unbalanced data set, we decided to use weight class balancing. Table 2.5
provides detailed information of the parameters optimization process for the RF using Scikit Learn’s

GridSearchCV function (Pedregosa et al., 2011).
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Table 2.5 Parameter optimization for RF

Parameter Tested values
Number of trees From 50 to 1000 (step length =50)
Number of variables for each split 2,6,8,10
Minimum number of samples required to be at a leaf node 1x1072, 1x103, 1x10%, 1x107, 1x10°®
Minimum impurity required to split a node 1x1072, 1x103, 1x104, 1x10°°, 1x10°®

Lastly, NNs are widely recognized for their capability to model complex statistical
interactions between variables (Barrow & Kourentzes, 2018; Tsang et al., 2017). An NN is a system
of interconnected neurons, organized by independent layers, inspired by biological nervous
functioning (W. Wong et al., 2003). Each neuron accepts a number of weighted inputs and
processes them to produce an output (Dancey et al., 2007). The weights of the network connections
measure the potential amount of the knowledge of the network (Abiodun et al., 2018). Therefore,
a training phase is needed in which the NN adapts the weights through minimization of the error

between actual and estimated outputs (W. Wong et al., 2003).

NNs have been shown to be highly accurate for classification problems. However, the major
drawback is that they are considered black-box models (Dreiseitl & Ohno-Machado, 2002). Their
nested non-linear structure makes it difficult to understand what information in the input data
makes them arrive at their decisions (Samek, Wiegand, et al., 2017). Recently, Layer-wise Relevance
Propagation (LRP) has been proposed as a general solution to the problem of understanding
classification decisions (Bach et al., 2015). The algorithm relies on a conservation principle to
propagate the prediction back throughout the network, ensuring the network output is fully
redistributed through the layers of the NN back to the input variables (Samek, Binder, et al., 2017).
The main idea is to understand which input variables contribute to a positive or negative
classification result (Bach et al., 2015). Recent applications of LRP include sentiment analysis (Arras
et al., 2017) and image classification (Y. Yang et al., 2018). However, to the best of our knowledge,

this explainable approach has not been used in the prediction of no-show probabilities. This is
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particularly relevant in our case, since lack of explainability in decision support systems can lead to

both practical and ethical issues (Guidotti et al., 2018).

According to Guo and Berkhahn (2016), the continuous nature of NNs limits their
applicability to categorical variables. Although one-hot encoding is a popular approach to overcome
such limitations, it can require an unrealistic amount of computational resource, increase variance
and ignore informative relationships between variables. To deal with this problem, Guo and
Berkhahn (2016) apply the logic used in natural language processing and design an entity
embedding method for categorical variables. The idea is to map discrete values to a multi-
dimensional space where values with a similar function output are close to each other. Since the
new representation increases the continuity of the data, it speeds up the training process and
exploits intrinsic properties of categorical variables. For this work, both one-hot encoding and
categorical embeddings are tested. Therefore, we implement an NN with one hidden layer and use
heat maps produced by LRP to identify features supporting the classifier’s decision for or against a
specific class (Arras et al., 2017). Table 2.6 provides basic information regarding parameters
optimization using Scikit Learn’s GridSearchCV function (Pedregosa et al., 2011). All other

parameters have been left at their default values.

Table 2.6 Parameter optimization for NN

Parameter Tested values
Number of iterations From 100 to 1600 (step length =100)
Number of neurones 10 values from N/2 to 2N, where N is the number of variables
2.3.4 Demonstration and Evaluation

Models performance was assessed using the AUROC score. From the available database, we
randomly generated training (70%) and test (30%) sets. In the demonstration phase, a 10-fold Cross
Validation process repeated 10 times (10-by-10 CV) was carried out using the training set. In the

evaluation phase, we used the test set to assess the quality of the results and discuss the practical
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implications of increased accuracy when implementing interventions to reduce no-shows. A public
version of the experimentation code and a randomly generated database are available (Barrera et
al.,, 2020). Different patients may be selected for targeting according to which classification
algorithm is used. As discussed in Section 2.3.2, we use two measures to assess the quality of a
given classification, coverage and risk. Therefore, with this evaluation approach, we aim at

quantifying the potential impact of using our DSS.

2.4 Data collection and Initial Analyses

We analyse data from the South West cluster of the city. Forty-nine medical facilities offering
primary care are located within this cluster. Four services: Oral Health (OH), Growth and
Development (G&D), Young Adult Program (YAP) and Senior Program (SP), are studied as these
cover 75% of scheduled appointments during 2017 and 2018. In many scoring models,
segmentation of discrete variables results in more stable and parsimonious models (Thomas et al.,
2017), so we have used decision trees to classify these categorical variables coarsely (for age and
lead time) and one-hot encoding to represent them in the models. Table 2.7 presents a list of
patient and appointment-level variables, their descriptions and the Cramer’s V correlation

coefficient with the outcome (show or no-show).

Our analysis also uses publicly available information relating to two of the above variables.
First, using data from the National Administrative Department of Statistics (Departamento
Administrativo Nacional de Estadistica, DANE), we classify the zone in which each patient lives as
low-income if 50% or more of its population belongs to the lowest two income strata: otherwise, it
is classified as medium-income. We also use data provided by the National Police Office (Policia
Nacional de Colombia, 2019) on reported criminal events affecting individual citizens since 2015 to

determine the sociodemographic context of each healthcare facility.
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Table 2.7 List of variables

Correlation Coefficient

Category Variable Description
OH G&D YAP SP
Patient Gender Gender of the patient (Male, Female) 0.000 0.000 0.000 0.000
Age Age of the patient at the moment of the  0.002 0.001 0.002 0.000
appointment (years)
Zone Area of the city where the patient lives 0.008 0.017 0.008 0.008
Appointment Lead time Elapsed time between the date of the 0.015 0.018 0.008 0.005
home visit and the appointment date
(days)
Month Month in which the appointment was 0.009 0.015 0.012 0.009
scheduled
Day Day of the week in which the 0.006 0.005 0.006 0.001
appointment was scheduled
Facility Assigned healthcare facility 0.009 0.037 0.005 0.008

Table 2.8 summarizes basic information on 53,311 scheduled appointments during these
two years, including the outcome (show or no-show). Oral Health has the greatest number of
appointments (22,613, 42%) and Growth and Development the least, at 14%. No-show rates range
from 21% to 39% for each service. At an aggregate level, there is no difference in gender between
the no-show rates, but in Oral Health and Young Adult Program more females than males keep their
appointments. With respect to age, the highest no-show rates are between 20 and 40 years and
the lowest are among children under 10 years and adults over 50. It is also possible to see that
smaller lead times yield lower no-show rates. The only exception to this behaviour is in Senior
Program where no-show rates are slightly lower for appointments assigned more than 60 days in
advance. Finally, Figure 2.1 shows the attendance levels, for each service, presented by day of the
week and month of the year. While, on average, 92% of the patients keep their appointments on
Sunday, this indicator decreases to 69% on Fridays. Attendance levels range from 58% to 82%, for

each month, and its behaviour changes across the four services.
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Table 2.8 Descriptive statistics

Category OH G&D YAP SP Total
Gender Show No-show Show No-show Show No-show Show No-show Show No-show
Women 8,457 3,475 29% 2,629 965 27% 4,078 1946 32% 3,294 1,067 24% 18,458 7,453 29%
Men 7,482 3,199 30% 2,650 999 27% 4,035 2,065 34% 5,365 1,605 23% 19,532 7,868 29%
Age (years)
0-10 1,659 638 28% 5,197 1,918 27% 0 0 -- 0 0 -- 6,856 2,556 27%
10-20 2,860 1,186 29% 82 46 36% 5,856 2,530 30% 0 0 -- 8,798 3,762 30%
20-30 1,467 789 35% 0 0 - 2,092 1,178 36% 0 0 - 3,559 1,967 36%
30-40 2,316 1,058 31% 0 0 -- 165 91 36% 0 0 -- 2,481 1,149 32%
40-50 2,964 1,209 29% 0 0 - 0 0 - 1,294 425 25% 4,258 1,634 28%
50-60 2,093 791  27% 0 0 -- 0 0 -- 3,232 1,014 24% 5325 1,805 25%
Over 60 2,580 1,003 28% 0 0 - 0 0 - 4,133 1,233 23% 6,713 2,236 25%
Lead time (days)
0-15 7,689 2,259 23% 3,329 929 22% 4,969 2,029 29% 4,070 1,068 21% 20,057 6,285 24%
15-30 2,079 1,061 34% 754 453 38% 902 562 38% 1,013 434 30% 4,748 2,510 35%
30-60 1,503 785  34% 373 166 31% 488 299 38% 901 309 26% 3,265 1,559 32%
Over 60 4,668 2,569 35% 823 416 34% 1,754 1,121 39% 2,675 861 24% 9,920 4,967 33%

Chapter 2
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Figure 2.1 Attendance levels for each service
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2.5 Results and discussion

We present the results organized in three sections. Firstly, we quantify the impact of each variable
in the LASSO regression model on the no-show probability, and analyse the average coefficients
obtained by a 10-by-10 cross validation process. Next, we quantify the added value of using RF and
NN and compare the four modelling alternatives using the AUROC score. Finally, we analyse the
impact of using these results as a decision support system and quantify changes in coverage and

risk of an intervention when accuracy of prediction models increases.

2.5.1 LASSO regression model: variables affecting no-show probabilities

Females are more likely to keep their appointments except for SP (odds ratio OH: 1.03, G&D: 1.01,
YAP: 1.08 and SP: 0.95). On the one hand, this result is highly context-dependent. Whereas some
studies have reached the same conclusion (Cashman et al., 2007; Parente et al., 2018), others have
reported that males have lower no-show rates (Ellis et al., 2017; Mander et al., 2018; Odonkor et
al., 2017), or concluded that gender does not have impact in no-show probabilities (Daye et al.,
2018; Shrestha et al., 2017). On the other hand, in developing countries it has been argued that,
among socio-economically disadvantaged females, high no-show rates might be related to a lack of
support from social networks and their responsibilities as caregivers (Frost et al., 2017; Magadzire
et al., 2017; Topuzoglu et al., 2007). This might explain the result for SP. In Bogota it is common to

find that women older than 60 years take care of their grandchildren while the parents work.

No-show probabilities change with the age of the patient. Figure 2.2 shows odds ratios (OR)
for each age range in the four services. Since four models were run, one for each service, the
reference values (OR = 1) must be independently interpreted. Firstly, in OH, patients between 22
and 33 years have the highest no-show probability (OR = 0.72) and it is not possible to identify any
age range in which patients have particularly low no-show rates. Secondly, in G&D (between 0 and
13 years) and YAP (between 14 and 44 years), older patients are more likely to miss their

appointments. This result is consistent with previously reported findings in primary care and
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paediatrics settings (Daye et al., 2018; McComb et al., 2017; Odonkor et al., 2017). Finally, age

seems to have less impact among SP patients.
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Figure 2.2 Odds ratio for each range of age

There is a relationship between the estimated income of the zone in which the patient lives
and the no-show probability. In OH, 67% of zones with OR lower than one (i.e. higher no-show
probabilities), are low-income zones. Additionally, 63% of zones with lower no-show probabilities
have middle-income levels. This result might be associated with the patient’s perception of oral
health needs. Wallace and MacEntee (2012) found that, among low-income populations, dental
care is perceived as desirable but more as a luxury than a necessity. The opposite scenario was
found in SP: 75% of the zones in which OR is less than one and 25% of the zones with OR greater
than one, have medium-income levels. Finally, for G&D and YAP, low-income zones represent the

majority of both low and high no-show probability groups.

As expected, longer lead times increase no-show probabilities. Similar results have been
reported in primary care settings (Ellis et al., 2017; McComb et al., 2017), and paediatric clinics
(Topuz et al., 2018). As can be seen in Figure 2.3, the best attendance rates in OH occur when the
lead-time ranges from 0 and 10 days, and the probability of no-shows reaches its maximum value

after 15 days. Additionally, in older patients, the probability of attendance changes less with respect
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to lead time. Figure 2.3 also shows a higher attendance probability for appointments with lead
times around 10 days in G&D and YAP. Although it is not possible to identity a reason for this
behaviour, given the age of patients in these services, a companion (parent or carer) is often
required to attend the appointment. Consequently, non-attendance may be due to challenges in
coordinating these logistical aspects. These results demonstrate the non-linear nature of no-shows

and support the use of analytical techniques for scheduling appointments.
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Figure 2.3 Odds ratio for each service when lead time is varied

We also find the date of the appointment affects the no-show probability. Previous studies
have reported seasonal behaviours through the year (Odonkor et al., 2017; Parente et al., 2018) or
variations depending on the day of the week (Do & Siegler, 2018; Harvey et al., 2017; Mohammadi
et al., 2018). Table 2.9 shows the OR variations, for the four services, in each month of the year and
each day of the week. As can be seen, in YAP the probability of no-show changes slightly in January,
March and October. However, for the other months of the year and for all the days of the week, it
remains constant. On the other hand, the service with the most changes throughout the year is SP
with odds ratio varying between 0.61 and 1.22. This result is interesting because no-show
probabilities show low sensitivity to factors such as age, area and lead-time in this service. The
months of March, November and December seem to have higher levels of risk of no show. January,
February and October have better behaviour. Regarding the days of the week, the best attendance

levels are seen during the weekend.
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Finally, we observe that there is a relationship between neighbourhood crime statistics and
no-show probabilities. The four healthcare facilities with OR lower than one, across the four
services, are in neighbourhoods with the highest number of incidents. Similarly, out of 49 facilities
used in the program only two have OR greater than one, across all four services. These facilities are

in neighbourhoods with the lowest incidence of crime in their respective districts.

Table 2.9 Average odds ratio for the appointment date

Month of the year G&D YAP SP OH
January 1.02 0.96 1.01 111
February 1.10 1.00 1.22 1.30
March 0.72 0.85 0.87 1.00
April 1.00 1.00 1.13 1.00
May 1.00 1.00 0.99 0.80
June 0.9 1.00 0.61 0.75
July 1.02 1.00 0.99 1.04
August 0.74 1.00 1.00 0.90
September 1.00 1.00 1.00 1.00
October 1.04 1.01 1.21 1.00
November 0.71 1.00 0.94 0.95
December 0.51 1.00 0.73 0.69

Day of the week G&D YAP SP OH
Sunday 1.06 1.00 1.37 3.50
Monday 0.96 1.00 1.00 0.93
Tuesday 1.00 1.00 1.00 0.96
Wednesday 1.00 1.00 1.00 1.00
Thursday 1.00 1.00 0.96 1.00
Friday 0.96 1.00 0.98 0.84
Saturday 1.35 1.00 1.00 1.03

Figure 2.4 presents the 15 variables with the greatest impact on no-show probabilities in
each service. Firstly, attendance levels are higher on Saturdays (G&D) and Sundays (OH, YAP and
SP). This result can be used to inform tactical decisions regarding the number of appointments that

should be made available throughout the planning horizon. Secondly, ensuring reasonable lead
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times can affect utilization levels. For the four services, it is possible to identify a maximum lead
time that can be set as an objective in the scheduling process. Lastly, some months and facilities
have relatively high no-show rates. This information can be used in the design of overbooking
policies, since better estimates of no-show probabilities would help to reduce the undesirable side

effects of this practice.
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Figure 2.4 LASSO results: most relevant variables for each service
2.5.2 The added value of using other modelling approaches

Figure 2.5 presents the AUROC performance (Verbeke et al., 2017) of the four models. Each point
in the graph represents the average and standard deviation of the AUROC in a repetition of 10-by-
10 cross-validation (Verbeke et al., 2017). For all four services, the NN model has better average
performance. The difference between RF and LR may suggest that the non-linear component of the
relationship between the variables is not very strong, but still significant. Additionally, the average
AUROC of both NN models indicates that variable interaction can be successfully modelled without
using categorical embedding. Despite having low standard deviations, the amount of available data
might not be sufficient to generate robust embeddings, and the disadvantage of increased variance
is outweighed by better bias estimation with the increased number of dummy variables. Therefore,

in our further analysis we consider only the NN with one-hot encoding (Okada et al., 2019).
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Figure 2.5 Model performance

2.5.3 The decision support system

In this section we analyse the implications of using our DSS to select patients and implement
targeted interventions. As discussed in Section 3, SDS have specified that the developed DSS should
allow program managers to divide patients into three groups. Group A will contain the 30% of
patients estimated to have lowest no-show risk. Group B, the 40% of patients with intermediate
risk and Group C will contain the remaining 30% of patients with the highest no-show probabilities.
From the machine learning perspective, this means that two cut-off points are required. This
process is called cut-off point tuning and is based on ROC performance measures (Verbeke et al.,

2017).

Table 2.10 presents the coverage and risk for each service and for three models. As can be
seen, in G&D, an intervention for 30% of patients could cover 80% of the no-shows, if the prediction
of the NN is used. This percentage would decrease to 64% or 41% using RF or LR. This result is
consistent across the four services. The average improvement in coverage using NN is 14% with
respect to RF and 62% with respect to LR. Lastly, the risk of not implementing any action among

patients with low no-show risk can be quantified. Using the NN classification, these patients
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represent between 2% and 3% of no-shows. On the other hand, using the RF prediction the highest
risk is in OH and YAP where 9% of the no-shows are classified in group A. Finally, using logistic

regression, the risk varies between 17% and 21%.

Table 2.10 Risk and Coverage for a potential intervention

NN RF LR
Service Risk  Coverage Risk  Coverage Risk  Coverage
OH 2% 70% 9% 55% 17% 39%
G&D 2% 80% 3% 64% 17% 41%
YAP 3% 67% 9% 55% 20% 41%
SP 2% 75% 6% 61% 21% 40%

Despite the high accuracy of the NN prediction (i.e. risk of 2.25% and average coverage
around 72%), using NN results might be challenging. It has been argued that decision makers need
to understand the reasons underpinning a prediction in order to trust the results (Fong & Vedaldi,
2019; Shawi et al., 2019). Consequently, in an attempt to explain the results of the NN, we
implement LRP (Bach et al., 2015). As a result, the importance of each of the variables in the
classification of a patient in each category is obtained. According to Yang et al. (2018), one of the
advantages of this technique, compared with sensitivity analysis, is the interpretability of the signs
(and absolute values) of the weights. For example, when the weight is large and positive, the
variable strongly supports the classification chosen by the NN, whereas if the weight is small and

negative, the variable weakly suggests the opposite classification.

Figure 2.6 illustrates the results obtained for ten G&D patients. A column represents a
patient, and the column heading the no-show probability. The blue cells represent positive
coefficients and the red cells negative ones, shaded by the magnitude of the weight. Only those
variables with at least one non-zero coefficient are shown for this group of patients. Our NN
predicts that the first patient will not show up for his appointment (95% of no-show probability).

The main reason for this conclusion is the month of the appointment, but lead time and age also
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support this classification. On the other hand, the day of the appointment, and the zone in which
the patient lives support the opposite classification, i.e. that the patient would in fact attend.
Moreover, the fact that the same variables have both positive and negative coefficients (regardless
of the no-show probabilities) implies that the network is learning about the context. It means that
the NN learns that it is not enough to know the gender of a patient to decide in which category they
should be classified. For example, when running a regression model including the interaction of
gender with age and day of the week, it is possible to observe slightly different results from those
reported by the model without interaction. For G&D we found that females are more likely to miss

appointments on Saturdays and Wednesdays (O.R. = 0.75 and 0.94).
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Figure 2.6 Heat map for G&D

This interpretation procedure can be used for any data-driven machine learning model,
giving interesting insights which have real applications for decision support systems. The focus of
the implementation of these processes must be on actionable combinations of parameters: if a
relation between several variables is found (such as gender and day of the week), then an action
can be performed for those specific groups. The use of such interpretability tools allows effects like

these to be observed and revealed, which would otherwise be neglected.
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2.6 Concluding remarks

This work has been developed with the active involvement of SDS. We conducted several
workshops with program managers, operational analysts at the healthcare clusters, and community
workers. This approach enabled us to develop a more comprehensive view of the program, identify
a champion for the project within SDS, generate a shared vision of the main challenges and maintain
stakeholders’ engagement. Therefore, the discussion shifted from a resource allocation perspective
to a better understanding of the underlying problem and the identification of restrictions that could
prevent the implementation of changes in the operation. By the end of the workshops, they
concluded that as the program covers a highly heterogenic population, more personalized
strategies were required to reduce no-show behaviour. In this context, patient classification was
identified as a key element to ensure the economic feasibility of any intervention strategy.
Following this process we were able to reach an agreement on an appropriate design principle
which captures the knowledge of our stakeholders. Consequently, our DSS aims at leveraging
routinely collected data to inform such classification. During the feedback sessions, program
managers stressed that they value that the results were easy to understand and have the potential

to improve service quality.

In light of the promising results, at the time of writing SDS is starting a pilot intervention to
modify patient behaviour. Using the DSS to predict no-show probabilities will improve the
effectiveness of the intervention since the NN classifies around 80% of potential no-show cases to
Group C, the 30% of patients designated to receive the most intensive, personalized, intervention.
Therefore, as stated in our design principle, the design of this DSS can be seen as a necessary first
step to reduce no-show behaviour in primary care and the future development of design knowledge
(Baskerville et al., 2018). After an evaluation of the pilot is carried out, a web-based tool will be

developed to enable models to be used in program operation.

Our objective is to use routinely collected data to predict no-show probabilities. However,

in order to inform the discussion, we also use other sources of public information. Two findings are
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particularly relevant in developing country contexts. First, in Oral Health, 67% of zones with OR less
than one (i.e. higher no-show probabilities), are low-income zones, and 63% of zones with lower
no-show probabilities have middle-income levels. Second, the four healthcare facilities (out of 49)
with OR less than one across all four services are in neighbourhoods with the highest number of
reported crime incidents, whereas the two facilities with OR greater than one across all four
services are in neighbourhoods with the lowest crime incidence in their respective districts. These
exploratory results indicate that including socioeconomic data could potentially increase
understanding of no-show behaviour. Further research is required to evaluate the cost/benefit of

collecting such data and including these variables in the SDS information system.

Since this paper presents retrospective analysis of historical data, it is not possible to draw
conclusions regarding the reasons for no-show behaviour. Therefore, the next step in this research
is a mixed-method study to understand and model patients’ decision-making processes. Semi-
structured interviews are being conducted among no-show patients in order to learn from their
experiences and identify access barriers. Moreover, we are analysing survey data to quantify the

relationship between the no-show probability and the constructs of a health psychology model.

Modelling no-show behaviour in primary care settings is an active research area. The most
common approach in the literature is multiple regression, but due to its limitations in accuracy,
using the results to improve management practice can be problematic. Machine learning methods
are gaining in popularity but have the drawback of being a ‘black box’ that managers may not trust.
Our research shows the benefits of a two-pronged approach to overcome this. Firstly, using LRP to
produce a heat map visualisation that makes the model results immediately understandable, and
secondly, involving stakeholders in every stage of the design process. Additionally, despite the
highest no-show rates worldwide being in developing countries, the problem has been mainly
studied in North America and the United Kingdom (Dantas et al., 2018). The research presented

here contributes to the literature by assessing the effectiveness of machine learning approaches
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using routine data to predict no-show behaviour among low-income patients in a developing

country context.

Throughout this research, we have designed a process to construct a DSS for improving
healthcare access powered with machine learning models. In general, the first stages of the process
are replicable across all healthcare systems that wish to develop such a DSS. Steps such as the
facilitated formulation of a design principle, data collection strategies, data processing steps, and
the selection of models to use are relevant issues for every designer facing a similar challenge.
Additionally, by using the schema proposed by Gregor, Chandra Kruse, and Seidel, our design
principle also meets the five criteria for reusability: accessibility, importance, novelty, and
effectiveness (livari et al., 2020). Therefore, we expect that other DSS designers can build from this
experience when defining intervention groups. We believe that our results could help not only
other designers in healthcare settings but also those dealing with limited resources in other
contexts such as educational or social programs, where prioritization plays a key role in ensuring

feasibility.
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Chapter 3  Understanding No-show behaviour

Abstract

The global burden of cervical cancer remains a concern and higher early mortality rates are
associated with poverty and limited health education. However, screening programs continue to
face implementation challenges, especially in developing country contexts. In this study, we use a
mixed-methods approach to understand the reasons for no-show behaviour for cervical cancer
screening appointments among hard-to-reach low-income women in Bogotd, Colombia. In the
guantitative phase, individual attendance probabilities are predicted using administrative records
from an outreach program (N=23384) using both LASSO regression and Random Forest methods.
In the qualitative phase, semi-structured interviews are analysed to understand patient
perspectives (N=60). Both inductive and deductive coding are used to identify first-order categories
and content analysis is facilitated using the Framework method. Quantitative analysis shows that
younger patients and those living in zones of poverty are more likely to miss their appointments.
Likewise, appointments scheduled on Saturdays, during the school vacation periods or with lead
times longer than 10 days have higher no-show risk. Qualitative data shows that patients find it
hard to navigate the service delivery process, face barriers accessing the health system and hold

negative beliefs about cervical cytology.

3.1 Introduction

Despite being highly preventable, cervical cancer is the fourth leading cause of cancer death in
women: in 2020, 341,831 women died worldwide of this disease (Sung et al., 2021). Additionally,
incidence and early mortality rates of this type of cancer are associated with limited education and
poverty (Black et al., 2019; Getachew et al., 2019; Kangmennaang et al., 2018; Makurirofa et al.,
2019). While in North America, age standardised rates (ASR) of incidence and mortality are 6.1 and

2.1 per 100,000 women respectively (International Agency for Research on Cancer, 2021a), in
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Colombia these indicators are 14.9 and 7.4 per 100,000 women (International Agency for Research
on Cancer, 2021b). Therefore, early diagnosis and health education have been identified as key
components in the effort to advance cervical cancer control worldwide (Broeders & Elfstrom, 2020).
However, in many lower and middle-income countries (LMICs), screening programs still face
implementation challenges (Canfell et al., 2020; Williams-Brennan et al., 2012). In Colombia, this
disease is the leading reason of death by cancer among women between 30 and 59 years old in the
country, and its burden continues to be a concern (Bermedo-Carrasco & Waldner, 2016; Pilleron et

al., 2020).

In Bogot3d, as part of a preventive-care strategy called Acciones Colectivas en Salud (ACS), the
District Secretariat of Health (Secretaria Distrital de Salud, SDS) instituted a program to increase
cervical cancer cytology uptake among hard-to-reach low-income women. Under this program, a
group of community workers visit women who have not taken a cytology test during the last year,
conduct basic training in cervical cancer risks and schedule a cytology appointment for them at the
nearest healthcare facility. Over the last two years, the program has increased its coverage;
however, no-show rates have reached levels of 46%. Therefore, no-show behaviour represents a
challenge for program managers from both effectiveness and efficiency perspectives (Mikhaeil et
al., 2019; Zebina et al., 2019). In this context, more information is needed to support the design of

population-based strategies.

Quantitative and qualitative approaches have been used in recent studies to understand
cancer screening uptake rates in developing countries. Black et al. (2019) and Nuche-Berenguer and
Sakellariou (2019) review quantitative studies conducted in Uganda and Latin America,
respectively. Both studies conclude that more research is needed in order to understand lower
participation of low-income population in screening programs. To the best of our knowledge, no
review of qualitative approaches has been published at the time of writing. However, qualitative
studies have been undertaken in Tanzania (Mugassa & Frumence, 2020), Ethiopia (Brandt et al.,

2019), Botswana (Matenge & Mash, 2018) and Nigeria (Modibbo et al., 2016), among others. In

46



Chapter 3
these four studies, detailed conversations with patients have enabled context-dependent barriers
to be identified. Further, researchers conclude that interventions to increase cervical cancer
screening uptake should be tailored to the local population, taking into account aspects such as
levels of health education, religious affiliations, and personal beliefs of the patients. Although the
emphasis on evidence-based research might explain the dominance of quantitative methods, the
contribution of qualitative methods in health research is now increasingly accepted (Pope & Mays,

2020).

In this context, mixed-methods research has the potential to provide more complete
information regarding no-show behaviour (Mugassa & Frumence, 2020; Williams-Brennan et al.,
2012). According to Wisdom et al. (2012), the combined use of quantitative and qualitative
methods can provide a more comprehensive picture of health services by capitalizing on the
strengths of both approaches. Despite being a relatively new area, Guetterman et al. (2019) found
that there is an increasing awareness of the relevance of mixed-methods research in order to
address population and behavioural health problems. French et al. (2017), for example, used
regression models to identify characteristics of children who missed their appointments and
conducted phone interviews with GPs in order to understand their role and perceptions regarding

low attendance levels.

The aim of this study is to understand this no-show behaviour by combining prediction and
interpretation approaches. The prediction approach is premised on the idea that it is possible to
use routinely collected historical data to produce a numerical estimate of the attendance
probability for each individual patient. However, the retrospective nature and limitations of such
data make it impossible to identify the reasons that could lead to a missed appointment (Y. S. Lee
et al., 2018; McComb et al., 2017). The aim of the interpretation approach is to understand the
phenomenon by studying patients’ perceptions and their decision-making processes (Lyon &
Reeves, 2006). Therefore, we use a qualitative approach to undertake an in-depth exploration of

the perceived barriers to attendance (Lacy et al., 2004).
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3.2 Methods

In this section, we first present the study context. Next, we discuss how the quantitative and
qualitative phases interact and inform our conclusions. Then, for each phase, we describe the
process of data collection and the analytical approach adopted. When pertinent, RECORD (The
REporting of studies Conducted using Observational Routinely-collected health Data) (Benchimol
et al.,, 2015) and SRQR (Standards for Reporting Qualitative Research) (O’Brien et al., 2014)
guidelines are followed. Pontificia Universidad Javeriana (Faculty of Engineering’s Research and
Ethics Committee: FID-19-107), SDS (Ethics Committee for Health Research 2019EE47807) and the
University of Southampton (Faculty of Social Sciences’ Ethics and Research Committee ERGO ID

48583.A1) granted ethical approval for this study.

3.2.1 Study context

In Colombia, the cervical cancer screening program covers women between 25 and 65 years old, or
younger in the presence of some risk factors (Bermedo-Carrasco et al., 2015). Currently, this
program primarily relies on Pap smear tests following a 1-1-3 scheme (Resolution 603280, 2018;
Torrado-Garcia et al., 2020). This means that women should undergo annual cytology tests, and
then change to a three-year interval after two consecutive negative results. Additionally, the
screening is included in the national health insurance scheme and hence no out-of-pocket payment
is required. Recent legislation has adopted the Human Papilloma Virus (HPV) test for women
between 30 and 65 years old, as screening strategy (Resolution 603280, 2018). However, at the
time of writing, we were not able to find any consolidated report about the HPV test piloting in the

country.

In Bogot3, the cervical cancer screening component of ACS is designed to cover hard-to-reach
women. For this program, SDS considers a woman to be hard-to-reach if despite being eligible, she
has not undergone a Pap smear test over the last year. Additionally, to prioritize resource allocation

for social programs, SDS uses a nation-wide adopted scoring system that classifies low-income
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citizens into four categories. The SISBEN? score ranges from O (extreme poverty) to 100 (wealthy)
and is computed using self-reported information related to health, education, and housing, among
others (Departamento Nacional de Planeacion, n.d.). ACS covers approximately 18% of the

population with the lowest SISBEN score (Secretaria Distrital de Planeacion, 2018).

3.2.2 Integration Approach

According to Fetters et al. (2013), in mixed-methods health research, integration might occur at
three different levels: design, methods and interpretation. From a research design perspective, we
use qualitative data to understand specific aspects of the quantitative findings. This is called an
explanatory sequential approach. At the methods level, the quantitative findings inform the sample
definition for the qualitative component. Therefore, at the methods level, we seek an integration
through building. Lastly, results from both phases are reported independently and we analyse
aspects of the problem that can be better understood as a result of integration. This is called
integration through narrative using a continuous approach.

In our case, quantitative data are used to predict individual attendance probabilities and
qualitative data are used to understand the patient experience. In order to build prediction models,
we conduct statistical analysis using administrative records. Then, a series of semi-structured
interviews are performed to understand the patient perspective regarding no-show behaviour.
Therefore, in this research, integration occurs at two points: i) a patient is invited to take part of
the interviews only if her no-show risk, according to the prediction models, was medium or high

and ii) the results of the interviews are used to enhance the analysis of the prediction models.

3.23 Predicting attendance probabilities: the quantitative phase

We analysed data collected routinely by program managers (in SDS) to assess the performance of

ACS. Between January 2017 and December 2019, appointments were scheduled for 23384 women

2 |dentification System of Potential Beneficiaries of Social Programs (Sistema de Identificacién de Potenciales
Beneficiarios de Programas Sociales)
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aged between 21 and 65 years old. In each case, the outcome — show or no-show — was recorded.
Table 3.1 presents the list of variables, grouped into two categories: patient and appointment-
related information. We did not have access to poverty level data, marital status, or number of
children for individual patients: these data are not held by SDS. For age and lead time we used
decision trees to build categorical variables maximizing information value. This means that the
categories (the number and the limits) were automatically selected by the algorithm to maximize
inter-category difference and minimize intra-categories difference. This approach has also been
found to generate more stable models (Thomas et al.,, 2017). SDS granted access to a fully
anonymized database for our analysis. The data were accessed in August 2019 (all records from
January 2017 to July 2019) and February 2020 (all records from August to December 2019). From

this database, we randomly generated training (70%) and test (30%) sets.

Table 3.1: Variables used for prediction models

Category Variable Description
Patient Age Age of the patient at the moment of the appointment (years)
Zone Area of the city where the patient lives

Poverty Percentage of population living in poverty within the patient zone

Appointment Lead Elapsed time between the date of the home visit and the appointment
time date (days)
Month Month in which the appointment was scheduled
Day Day of the week in which the appointment was scheduled

To estimate the probability of attendance, two well-known models were implemented,
Least Absolute Shrinkage and Selection Operator (LASSO) regression (Tibshirani, 1996) and Random
Forests (RF) (Breiman, 2001). Recent applications of LASSO in healthcare research include
prediction of mortality rates (Zhang & Hong, 2017) and medication adherence (Zullig et al., 2019),
among others. Additionally, for classification problems, RFs are less sensitive to outliers and
eliminate the risk of overfitting (Ali et al., 2012) and thus improve the accuracy of the model. We
conducted a parametric analysis on the penalization constant of the LASSO model and selected the
one that maximizes the Area Under the Receiver Operating Curve (AUROC) while minimizing the

number of selected variables. For classification proposes, a value of one was assigned to those
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patients attending their appointments. Therefore, higher odds ratios mean higher attendance

probabilities.

To validate the model, we randomly divided the training set into 10 groups, used nine
groups for training, and the other for testing. Then, the testing group was iteratively changed, and
the procedure was repeated ten times, resulting in 100 experiments. This is called a 10-by-10 cross
validation process (10-by-10 CV). We used the LASSO results to select the features included in the
RF, optimized parameters using 30% of the training set and performed a 10-by-10 CV. The
performance of both models was assessed using the average and standard deviation of the AUROC
score (Verbeke et al., 2017) over the 100 experiments. LASSO and RF Scikit-Learn’s implementations

were used for our analysis (Pedregosa et al., 2011).

3.24 Understanding patient experience: the qualitative phase

The aim of the qualitative phase is to understand the patient experience and reasons for health-
seeking behaviour. Data were collected through semi-structured interviews using purposeful
sampling (Bradley et al., 2007; Sandelowski, 2000). We focused our analysis on patients with higher
no-show risk, as their views can provide relevant information to design behavioural interventions
(Gromisch et al., 2020). Therefore, patients who met the following three eligibility criteria were
considered: i) having received a home visit and an appointment scheduled between October and
December of 2019 (3140 patients), ii) additionally, had been classified as a medium or high no-show
risk according to the prediction models (1099 patients) and iii) additionally, had failed to keep their
appointments (857 patients). Program managers provided a list of 100 randomly selected patients
that met the criteria; we were able to reach 75 patients by phone and, of these, 15 declined to

participate.

Five community workers collected data using phone interviews in Spanish, between
January and February 2020. A nine-item interview guide was designed using relevant literature and

discussed with public health specialists and community workers at SDS, in one workshop (see
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Appendix A). Before starting data collection, training took place in two workshops where the
research project was presented, and each item of the interview guide was discussed. Since these
community workers perform home visits as part of their normal jobs, they have had previous
training on working with vulnerable populations and discussing health-related topics. In each phone
call, basic information of the project was provided, the patient was invited to take part of the study
and oral informed consent was obtained. Patients authorized the conversations to be recorded. A
research assistant performed verbatim transcriptions of the audio files and one of the researchers

checked quality of the transcription.

Data analysis was conducted in Spanish and facilitated using the Framework method
(Spencer et al., 2014). Although different approaches can be adopted to analyse qualitative data,
the Framework method is well-established for health multidisciplinary research projects, as it
enables large data sets to be organized and compared (Dilgul et al., 2018). It has been argued that
this method is particularly appropriate for research questions in which different views, in relation
to a topic, are analysed and therefore a descriptive overview is required (Gale et al., 2013). Table
3.2 provides basic information of our approach in each of the seven stages proposed by Gale et al.

(2013) to analyse qualitative healthcare data using the Framework method.

Table 3.2: Seven stages for analysis using the Framework method

Stage Our project

A research assistant performed verbatim transcriptions of
1 Transcription audio files and one of the authors checked quality of the
transcription.
Ten interviews were analysed by the coding team
composed of three researchers.
As a pilot study, each member of the coding team
analysed the first 20 audios and notes were compared.

2 Familiarisation

3 Coding

Developing a working analytical Both inductive and deductive analysis are performed.

framework

5 Applying the analytical framework Two members of the coding team coded each interview
(n=60) using NVivo 12.

Charting data into the framework

matrix Computer-Aided Qualitative Analysis Software (NVivo 12)

7 Interpreting the data Several virtual meetings.

To design the analytical framework, both inductive and deductive analysis were used. On

the one hand, inductive coding enabled the identification of under-researched topics, as categories
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emerged from the data (Gellasch, 2019). On the other hand, deductive coding facilitated to take
advantage of findings that have been previously documented in the research topic by using
categories derived from the literature and prior experience (Bradley et al., 2007). The coding team
(DB, AD, and VG) developed inductive first-order categories (i.e., emerging themes) using 10
interviews. Each researcher produced a preliminary list of categories, and these lists were analysed

and discussed until consensus was reached.

Two literature searches were conducted, using SCOPUS and PubMed databases, to identify
deductive first-order categories. Figure 3.1 provides details of each review using the PRISMA
guidelines (Moher et al., 2009). We decided to limit our search using the title, abstract and key
words option in SCOPUS and the title and abstract option in PubMed. First, we targeted journal
papers, published in English, that use qualitative analysis in order to understand no-show behaviour
in healthcare. We identified 55 papers published between 2004 and 2021. We note that of these
55, 40 were published after 2015 and only eight are on the topic of no-show behaviour in
developing countries. Second, we aimed at identifying qualitative works studying cervical cancer
screening uptake. We identified 37 papers published between 2005 and 2021. The majority of these

works (62%) were conducted in developing country contexts.

No-show behaviour Cervical cancer screening
Identified records Identified records
"missed appointment'” OR "no- “cervical cancer  screening”
1209 show™ OR "ho  show" 1089 AND “Uptake"
AND "Qualitative" OR
"interviews"”
Duplicated records Duplicated records
101 495
Screened records Screened records
1108 594
Excluded records Excluded records
974 557
Analysed records Analysed records
55 37

Figure 3.1 Literature searches
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Drawing from the two literature searches, we found the Health Belief Model (HBM)
(Rosenstock et al., 1988) to be an appropriate conceptual framework to build second order
categories (i.e. groups of first-order categories). We were able to group all the first-order categories
using the constructs of this mode. Further, the use of the HBM to understand behaviours and design
population-based interventions in preventive care has been widely documented (Jones et al., 2014).
The main idea is that the adoption of protective behaviours can be explained by what the patient
perceives in terms of severity, benefits, susceptibility, and barriers. Therefore, we group the first-
order categories using these constructs. Table 3.3 presents the resulting 44 categories of the
analytical framework. Additionally, a description of each category and the list of references
supporting the deductive categories are provided in Appendix B. The ten inductive categories were
included at this stage. We believe that readers interested in healthcare no-show behaviour could

find this framework useful to analyse qualitative data or inform instrument design in other contexts.

The three researchers of the coding team were involved in the analysis of each interview.
First, we conducted a pilot using 20 transcriptions. In the pilot, each researcher coded
independently and made notes of possible adjustments needed in the framework. These
adjustments were then discussed in a joint meeting and a new version of the framework produced.
Secondly, for each interview, two researchers were assigned to code independently and generate
a preliminary version of the framework matrix using NVivo. Then, the third researcher analysed the
resulting categories, identified differences, made notes, and formed a recommendation. All
differences were analysed in joint meetings until consensus was reached among the three
researchers. We were able to reach thematic saturation with our initial sample of 60 interviews, as
no new categories emerged from the data, therefore no second round of interviews was required
(Vasileiou et al., 2018). Lastly, a final version of the matrix was generated to inform discussions

among all researchers.
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Table 3.3: Analytical Framework Categories

Second order First order
Barriers Access
1 Financial stress
2 Inconvenient appointment slots
3 Longlead times
4 Geographical access
5 Work Commitments
Service delivery
6 Bad experiences with service delivery
7 Bad experiences with home visit
8 Communication
9 Dismissive staff
10 Lack of flexibility in service delivery
11 Lack of information during the home visit
12 Multiple appointments
13 Poor care quality
- 14 Prefers to use other care
15 Process design
Personal
16 Family care
17 Forgetfulness
18 Healthissues
19 Lack of network support
20 Language
21 Migration
22 Other priorities
23 Religion
24  Travel
Barriers Protective behaviour
25 Anxiety
26 Non-compliance with requirements
27 Discomfort
28 Embarrassment
29 Gender of the health provider
30 Pain
31 Peerinfluence
Benefits Protective Behaviour
32 Cancer diagnosis
33 Health
34 Lack of perceived benefits
35 Lack of knowledge
36 Screening program
Service delivery
37 Satisfaction (home visit)
38 Satisfaction (service delivery)
Susceptibility 39 Perceived susceptibility
40 Denial
Severity 41 Fear of a bad result
42  Fear of side effects
43  Only uses emergency care
44  Severity of the consequences

Chapter 3
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33 Results

This section starts with an analysis of the LASSO regression results and an assessment of the
accuracy improvements achieved by RF. The qualitative findings then follow, with a discussion of

the categories resulting from content analysis using our analytical framework.

3.3.1 Quantitative results

Table 3.4 presents the results of the LASSO regression model. This model has a moderate
discriminatory power, and its results are not sensitive to the sample. The average AUROC score is
0.65 with a standard deviation of 0.001. This could indicate that the non-linear component of the
relationship between the variables and the attendance probability is high. It is also possible that
including additional patient information could lead to better performance. Variables such asincome
and education levels have been found to be good predictors of attendance for cervical cancer
screening (Gemeda et al,, 2020; Q. Li et al., 2020). However, our aim was to leverage routinely
available data to inform patient prioritization by SDS. Therefore, the LASSO results are used to
understand the characteristics of patients with higher no-show risk and to select the variables that

should be used in the RF model.

There is a relationship between patient-related variables and attendance probability. The
odds ratios for the zone in which the patient lives range from 0.47 (zone 65) to 4.48 (zone 11).
Additionally, patients living in zones where poverty affects less than 18% of the population are three
times more likely to attend their appointments than those living in the remaining zones. Lastly, the

younger the patient, the higher her no-show risk.

Table 3.4 also shows a relationship between appointment-related variables and attendance
probability. Regarding the appointment month, school vacation periods (January, March, June, and
December) have lower odds ratios. Additionally, while patients are more likely to attend

appointments on Sundays, Saturday appointments have a higher no-show risk. This might indicate
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that the requirement to take time off from work could act as a barrier to cytology uptake. Lastly,

we find that longer lead times increase the risk of no-show.

Table 3.4: Results of the LASSO regression model.

Coefficient Odds Ratio
. Average Percentile Percentile
Variable 5th 95th Average
Age (years)
[21, 27] -0.82 -0.85 -0.79 0.44
(27, 45] -0.44 -0.46 -0.42 0.64
> 45 1.00
Zone
11. San Cristobal 1.50 1.42 1.60 4.47
55. Diana Turbay 1.28 1.20 1.35 3.60
57. Gran Yomasa -0.79 -0.85 -0.72 0.45
65. Arborizadora -0.75 -0.87 -0.64 0.47
Poverty
(0%, 18%] 1.10 1.05 1.16 3.01
>18% 1.00
Lead time (days)
(0,9.0] 0.46 0.44 0.49 1.58
(9.0, 10] 0.13 0.08 0.19 114
>10 1.00
Day
Sunday 0.96 0.86 1.09 2.61
Monday -0.02 -0.03 -0.01 0.98
Tuesday 1.00
Wednesday 1.00
Thursday 0.06 0.03 0.08 1.06
Friday -0.07 -0.09 -0.05 0.93
Saturday -0.20 -0.23 -0.17 0.82
Month
January -0.19 -0.22 -0.15 0.83
February 0.07 0.03 0.11 1.07
March -0.29 -0.34 -0.26 0.74
April 0.38 0.32 0.45 1.46
May 0.04 0.01 0.08 1.04
June -0.41 -0.45 -0.36 0.67
July 0.07 0.03 0.10 1.07
August -0.03 -0.05 -0.01 0.97
September 1.00
October -0.14 -0.17 -0.11 0.87
November -0.24 -0.27 -0.21 0.78
December -0.65 -0.67 -0.62 0.52

Values in bold indicate lowest and highest odds ratio in each category.
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In terms of AUROC score, the use of RF adds value to the classification. Average score of
the RF is 0.84 (29% higher that the LASSO AUROC score) with a standard deviation of 0.01. However,
LASSO results are less sensitive to the sample and hence potentially more reliable when used for
different data. One practical implication of an improvement in accuracy relates to the design of
interventions to reduce no-show behaviour. Mass interventions aimed at the whole population are
generally not cost-effective (Schwebel & Larimer, 2018) since a significant proportion of patients
are likely to attend with no intervention at all. Initiatives can be made more cost-effective, and
hence financially sustainable, by attempting to target those patients at greatest risk of no-show
(Wu et al., 2019). Clearly, using a model that can accurately predict attendance probabilities in the

design of such interventions would increase their cost-effectiveness.

Figure 3.2 shows the outcome when patients are assigned, in increasing order of
attendance probability (calculated in three different ways: by LASSO, by Random Forest, and at
random) to different sizes of intervention target group. For example, if it is only possible to include
30% of all patients in the intervention group, nevertheless over 70% of the no-show patients in our
data would receive the intervention using the RF classification. This coverage would decrease to
41% if the LASSO model was used, and just 30% if the decision was made without the support of a
classification model (i.e., patients were assigned to the intervention group at random). Conversely,
we can also use Figure 3.2 to quantify the risk of a classification model, defined as the percentage
of no-show patients who do not receive the intervention. For example, suppose the intervention is
able to reach 50% of all patients. If the RF were used to make the selection, only 3% (100% - 97%)
of the no-show patients would not have been included. This percentage would increase to 36%

using LASSO, or 50% if patients were classified at random.
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The aim of the interviews was to understand attendance barriers among patients with high and

medium risk of no-show, as well as to identify some perceived benefits of the cytology and outreach

programs. First-order categories are illustrated by quotes extracted from the interviews in Table

3.5. The final column of Table 3.5 shows the number of interviews in which each category was

coded. In the rest of this section, we present the main qualitative findings.

Table 3.5: Quotes from the interviews

N Category

Quote

Frequency

2 Category: Barriers - Access
Inconvenient appointment
slots

3 Category: Barriers - Access
Long lead times

| would say that [it is important to have] more
service time. Sometimes you go to work at five or
four thirty in the morning and you are back home
at seven p.m. There is not service at nights and
weekend appointments are always booked. It is
difficult to keep an appointment

If you go [to the healthcare facility] they say that
you need to call [to book an appointment]. Then
you call, and they say there are not available
slots. After a time, you just get tired and stop
trying.

5

12
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15

16

17

28

29

32

37

38

39

41

42

Category: Barriers - Service
delivery
Process design

Category: Barriers - Personal
Family care

Category: Barriers - Personal
Forgetfulness

Category: Barriers - Protective
behaviour
Embarrassment

Category: Barriers - Protective
behaviour
Gender of the health provider

Category: Benefits - Protective
behaviour Cancer diagnosis

Category: Benefits - Service
delivery Satisfaction
(home visit)

Category: Benefits - Service
delivery Satisfaction
(service delivery)

Category: Susceptibility
Perceived susceptibility

Category: Severity
Fear of a bad result

Category: Severity
Fear of side effects

It is not always clear what you need to do.
Sometimes you need to carry out administrative
paperwork and spend almost all day waiting in
queues

You need to go through administrative clearance
for almost everything! | even took a
mammogram a while ago and have no idea how
to get the results or book an appointment.

I have three children. For their appointments, |
normally ask for some time off work. If | do the
same [for mine] they would say | am always out.
That is problematic.

If you are a mom with small children, sometimes
you just do not find anyone to take care of them

Sometimes you forget because you are caught in
the middle of so many things to do. It would be
good if someone calls you to remind the
appointment.

As a woman, | am embarrassed that someone
examines that part of my body

Once | saw that a male nurse was performing the
cytology at that facility. | decided to miss my
appointment. | prefer to be examined by a
woman

It seems to me that having a cytology is
essential. It is a way of preventing cancer and
knowing what diseases one might have.

The visit went well. She [the community worker]
was kind, took my blood pressure and my
weight. She even helped me with some
appointments | needed

So far, the doctors | have seen are really good. |
have been operated, hospitalized and the service
is always good. | have felt supported

It is important to have a cytology because one
might develop cancer. My daughter was infected
with human papillomavirus a while ago. She was
timely diagnosed and thanks to God, there were
no other consequences.

Sometimes women are scared about getting a
bad result.

I have heard that some healthy women end up
with infections and bleeding after the cytology.

11

11

17

28

32
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Participants found it hard to navigate the service delivery process (see code 15 in Table

3.5). They felt that when attending a medical appointment, most of the time was spent in the
waiting room or carrying out administrative paperwork. They also reported that it was common to
have to provide the same information more than once to different staff within the same healthcare
facility, or even to miss appointments because they were not properly briefed about the necessary
administrative or clinical requirements. For example, some participants reported that even though
they attended, they were not examined because they had had sexual intercourse the previous
night. Lastly, a small number of participants commented on the (perceived) low quality of care they

had experienced using that healthcare service.

There were barriers to accessing healthcare services. The most commonly raised concern
was that it was difficult to book an appointment because lead times were long, healthcare facilities
had inconvenient opening hours and call centres were permanently busy. This is particularly
relevant in a context where most patients have informal jobs and are unable to attend
appointments in working hours. For this reason, other participants mentioned difficulties in taking
time off work, financial pressures, and problems with transport. Some quotes from interviewees

affected by such problems are presented under categories 2 and 3 of Table 3.5.

Personal problems and beliefs about cervical cytology could also lead to a missed
appointment (see quotes under categories 18, 19, 28 and 29 in Table 3.5). The most common
personal problems were forgetfulness and family care responsibilities. Among the latter, some
participants reported that they tend to prioritize medical appointments for other members of their
family or were not always able to find someone to take care of their children during the
appointments. Regarding the cytology test itself, some participants believed that the procedure
would be painful or uncomfortable, or that they would feel anxiety or embarrassment. Moreover,
some said that they were not able to attend because they were menstruating or had had sexual
intercourse the day before the appointment. Two participants said that they decided not to attend

because of the risk that a male nurse might examine them.

61



Chapter 3

Despite the barriers described above, many participants reported that they were satisfied
with the service they received, both in the healthcare facility and during the home visit (see
categories 37 and 38 in Table 3.5). Most of them said that the community workers were kind and
provided a direct way to overcome access barriers. Additionally, the home visits were informative.
Most patients were aware of the purpose of the cytology test to diagnose cervical cancer and had
a basic understanding of the screening program. However, some patients only had a general
understanding of how screening could benefit their health, with no specific knowledge of the actual

diseases that could be prevented.

Lastly, some comments related to susceptibility and severity. Some participants recognized
that the purpose of the cytology test was to diagnose cancer, which could be interpreted as a sign
of perceived susceptibility. However only three participants explicitly talked about their own risk of
developing cancer. Moreover, those three participants had a family history of cancer or human
papillomavirus infection. Additionally, fears of testing positive or of unpleasant side effects were
stressed as possible reasons for missed cytology appointments. Table 3.5 presents some related

qguotes under categories 33, 40, 42 and 43.

34 Discussion

In this section we present a summary of our main findings, compare our study with others in the

literature and consider implications for practice.

3.4.1 Main findings

Using routinely collected data, we were able to accurately predict individual attendance
probabilities for cervical cancer screening appointments in Bogotd. First, we fitted a LASSO
regression model to identify the characteristics of the higher no-show risk appointments. We found
that younger patients living in zones with higher poverty levels are less likely to attend. Additionally,
offering short lead times and Sunday appointments could increase screening uptake among hard-

to-reach women in the city. Next, we used the LASSO results to select the variables to train an RF

62



Chapter 3
aimed at improving prediction accuracy. The resulting model has a good discrimination power and
low variability in its performance (Average AUROC score 0.84 and standard deviation of 0.01). We

used the RF results to inform the sample selection for a series of semi-structured interviews.

We interviewed 60 hard-to-reach women who received a home visit from the outreach
program and had failed to attend their cytology appointments. Although most patients perceived
the home visits to be informative, they found it hard to navigate the service delivery process and
experienced access barriers. Qualitative data also enhanced the interpretation of the quantitative
results. For example, the LASSO results show a relationship between the appointment date and the
attendance probability. In the same vein, during the interviews some patients expressed that taking

time off from work or childcare responsibilities might act as deterrents for screening uptake.

3.4.2 Comparison with other studies

Two of our quantitative results confirm what has been found in other cytology uptake studies:
attendance probabilities change with the patient age and poverty. In Bogota, we find the younger
the patient, the higher her no-show risk. While some studies report similar behaviour in Ethiopia
(Bante et al., 2019), or Kenya (Ng’Ang’A et al., 2018), in Tanzania younger patients are more likely
to keep their appointments (Weng et al., 2020). Since this finding is context-dependent, it highlights
the relevance of conducting research to inform public policy. We also find that, in zones where
poverty affects less than 18% of the population, patients are three times more likely to attend.
Several other studies have identified the same relationship between poverty and cervical cancer
screening (Gatumo et al., 2018; llevbare et al., 2020; Ng’Ang’A et al., 2018; Weng et al., 2020).
Moreover, during the interviews, some participants reported financial and transport difficulties in

attending. Our qualitative results confirm the quantitative findings regarding financial difficulties.

We found a statistical relationship between the appointment date, i.e., day of week and
month of year, and the attendance probability. In cervical cancer screening, most previous research

has been devoted to exploring the impact of socio-demographic variables on attendance for
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screening (Williams-Brennan et al., 2012). The databases analysed in such studies normally include
patients that do not have scheduled appointments. As our research was conducted within an
outreach program, the context is slightly different. However, patients’ lack of time has been
described as a barrier for cytology uptake (Brown et al., 2019; Dunn & Tan, 2010). Our results can
be also compared with previous work in no-show risk for primary care appointments. The existence
of patterns in attendance probabilities according to the month of the year or day of the week has
been documented previously (Cashman et al., 2007; Do & Siegler, 2018; Harvey et al., 2017; Parente
et al., 2018). Two qualitative results might offer a context for these quantitative findings. First, a
lower no-show risk on Sundays might be explained by the difficulties reported by some participants
in taking time off work. Second, some participants stated that their childcare responsibilities caused
them to miss appointments, which could explain why the no-show risk was higher during the school

vacation months.

In our quantitative analysis, the attendance probability increases with the lead time. This is
also found to be the case in studies of no-show behaviour for other primary care appointments
(Ellis et al., 2017; McComb et al., 2017). Even in contexts where cultural barriers towards cervical
cancer screening are overcome using education campaigns, offering timely access is a key
component to increasing coverage (Black et al., 2019; Carr & Sellors, 2004). Confirming this
quantitative finding, many of our participants stated that booking appointments is hard. They said
that lead times were long (which could increase forgetfulness), and the healthcare facilities had
inconvenient opening hours. These access problems were also found as a relevant barrier for

screening programs in five other Latin American countries (Agurto et al., 2004).

Our qualitative study showed that participants found the home visits to be informative.
Unsurprisingly, therefore, most participants either said they were aware that cytology is used to
diagnose cancer or recognised the importance of regular cervical cytology. This result, however, is
different from what has been found in many developing countries. Lack of knowledge regarding

cervical cancer and screening programs has been identified as a key predictor of low uptake rates
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(see Table 3). Nevertheless, it must be noted that some participants explicitly stated that the
importance of cytology was not discussed during the home visit. Additionally, only a few
participants considered themselves personally to be at risk of developing cervical cancer. The belief
that a disease is something faced by other people and not oneself is described by (Sundstrom et al.,

2019) as “othering”, and leads people to underestimate the prevalence of the disease.

343 Implications for program management and public policy.

Our findings suggest a lack of coordination between the two components of the screening program,
home visits and screening appointments. A great effort is made by the home visits team to reach
patients who need screening, but although these patients are willing to take part in the screening
program, they still face several access barriers. There is a need to offer agile scheduling and
cancellation systems, shorter lead times and more flexible opening hours. Therefore, capacity
management practices should be reviewed. Alternatives to the current operation might include:
performing the cytology during the home visit (Arrossi et al., 2015), minimizing the impact of no-
shows by overbooking (Parente et al., 2018), pooling resources within the program (Lewis et al.,
2018) and offering open access scheduling policies for some healthcare facilities (Yang & Cayirli,

2020).

There is potential to overcome most of the perceived barriers by improving the service
delivery process. On the one hand, community workers have a unique knowledge and
understanding of the cultural context of the patient (Sivaram et al., 2018). Home visits could provide
more standardized information about cervical cancer, the screening program, and the best way to
navigate the healthcare system. Therefore, educational interventions for community workers
(O’Donovan et al., 2019) and better design of information material for patients (Chan & So, 2020;
Choi et al., 2020; So et al., 2019) could provide an interesting opportunity for the outreach program.
On the other hand, drawing from our participants’ experiences, there is a clear need to improve

service quality at the healthcare facilities. Mechanisms to reduce waiting times for cytology
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(Andreassen et al., 2017; Olwanda et al., 2018) and to improve the organization of the program

(Chuang et al., 2019; Price et al., 2010) could increase satisfaction and attendance levels.

An impact evaluation should support future decision-making. After three years of running
the outreach program, the District Secretariat of Health (Secretaria Distrital de Salud, SDS) has
sufficient information to quantify its achievements in terms of early diagnosis. However, a model-
based evaluation would enable different policy alternatives to be compared (Brennan et al., 2006;
Briggs et al., 2004). While in developed countries cytology-based programs have achieved good
results in decreasing morbidity and mortality of cervical cancer, in developing countries this is not
always the case (Sivaram et al., 2018). A combination of alternative cervical cancer screening tests
could enhance capacity and improve health outcomes in low resourced health systems (Denny et
al., 2017). For example, a recent review concluded that self-sampling approaches have been found
to increase acceptability of cervical cancer screening (Nishimura et al., 2021). In this context, by
modelling the patient pathway from the home visit to treatment completion, a simulation model

could support resource allocation and inform policy design.

3.44 Limitations

At the time of writing, three main limitations of this study are being addressed in ongoing
projects. First, since we are using only routinely-collected quantitative data, the quantitative
models predict attendance probabilities based only on a set of variables that has been designed for
administrative purposes. Therefore, it was not possible to quantify the relationship between
attendance probabilities and other variables thought to be highly predictive, such as patient income
or the time of day of the appointment (Dantas et al., 2019; Mugassa & Frumence, 2020). Second,
for both phases, the sample is limited by the inclusion of women who have participated in the
outreach program managed by SDS. This program covers most of the low-income women in Bogot3,
however, we do not know the perspectives or risk categories for other women in the city, or other
parts of the country, that could inform public policy. Further, only patients with high no-show

probabilities were included in the sample for the qualitative phase. Although their experiences are
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considered to be important to inform intervention design, insights from patients who missed their
appointments despite having low no-show risk might be useful as well. Third, our findings suggest
a relationship between the constructs of the HBM and no-show behaviour. However, this

relationship is still to be quantified and a study with a representative sample is required.

3.5 Conclusion

This study has shown the benefits of combining a ‘black box’ approach, machine learning, with an
in-depth qualitative methodology that can explore, and potentially explain, the results from the
guantitative analysis. From a practical perspective, our findings indicate an urgent need to address
the lack of alignment between the different phases of the cervical cancer screening program in

Bogota, and work to address this is currently under way.
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Chapter 4  Assessing beliefs

Abstract

Background. Despite being a preventable disease, cervical cancer continues to be a public health
concern, affecting mainly lower and middle-income countries. Therefore, in Bogota a home-visit
based program was instituted to increase screening uptake. However, around 40% of the visited
women fail to attend their Pap smear test appointments. Using this program as a case study, this
paper presents a methodology that combines machine learning methods, using routinely collected
administrative data, with Champion’s Health Belief Model to assess women’s beliefs about cervical
cancer screening. The aim is to improve the cost-effectiveness of behavioural interventions aiming
to increase attendance for screening. The results presented here relate specifically to the case

study, but the methodology is generic and can be applied in all low-income settings.

Methods. This is a cross-sectional study using two different datasets from the same
population and a sequential modelling approach. To assess beliefs, we used a 37-item questionnaire
to measure the constructs of the CHBM towards cervical cancer screening. Data were collected
through a face-to-face survey (N = 1699). We examined instrument reliability using Cronbach’s
coefficient and performed a principal component analysis to assess construct validity. Then,
Kruskal-Wallis and Dunn tests were conducted to analyse differences on the HBM scores, among
patients with different poverty levels. Next, we used data retrieved from administrative health
records (N = 23,370) to fit a LASSO regression model to predict individual no-show probabilities.

Finally, we used the results of the CHBM in the LASSO model to improve its accuracy.

Results. Nine components were identified accounting for 57.7% of the variability of our data.
Lower income patients were found to have a lower Health motivation score (p-value <0.001), a
higher Severity score (p-value <0.001) and a higher Barriers score (p-value <0.001). Additionally,
patients between 25 and 30 years old and with higher poverty levels are less likely to attend their

appointments (O.R 0.93 (Cl: 0.83-0.98) and 0.74 (Cl: 0.66-0.85), respectively). We also found a
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relationship between the CHBM scores and the patient attendance probability. Average AUROC

score for our prediction model is 0.9.

Conclusion. In the case of Bogotd, our results highlight the need to develop education
campaigns to address misconceptions about the disease mortality and treatment (aiming at
decreasing perceived severity), particularly among younger patients living in extreme poverty.
Additionally, it is important to conduct an economic evaluation of screening options to strengthen
the cervical cancer screening program (to reduce perceived barriers). More widely, our prediction
approach has the potential to improve the cost-effectiveness of behavioural interventions to

increase attendance for screening in developing countries where funding is limited.

4.1 Background

Cervical cancer is a preventable disease. However, in 2018, it was the fourth leading cause of cancer
death among women worldwide (Arbyn et al., 2020). Although the overall Age Standardized
Incidence Rate (ASIR), per 100,000 women is 13.1, it ranges from 6.0 in Australia and New Zealand
to 40.1 in Eastern Africa (Arbyn et al., 2020). In fact, both incidence and mortality rates are
associated with poverty and limited health education (Amin et al., 2020; Tatari et al., 2020; X. Zhang
etal., 2021). In 2018, around 84% of the cases and 88% of cervical cancer deaths occurred in poorly-
resourced countries (Arbyn et al., 2020). Consequently, in 2020, the World Health Organization
defined a set of goals to eradicate cervical cancer as a public health problem, emphasizing the need
to improve human papillomavirus (HPV) vaccination coverage and screening uptake rates (Gultekin
et al., 2020). Nevertheless, while in high income countries the implementation of screening and
vaccination programs has been successful, for many lower and middle-income countries (LMICs) it
still represents a major challenge (Canfell et al., 2020; Hinman & Orenstein, 2021; Pilleron et al.,

2020; Diama B. Vale et al., 2021). In Colombia, the ASIR is 14.9 and mortality rates show
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geographical patterns affecting disproportionally low-income women (Hernandez Vargas et al.,

2020; International Agency for Research on Cancer, 2021b).

ACS (Acciones Colectivas en Salud) is an outreach program designed by the Health Office in
Bogotd (Secretaria Distrital de Salud, SDS) to increase health service utilization among hard-to-
reach populations. The main idea is to improve health outcomes by engaging low-income patients
with eleven preventive care strategies. In this context, some of the ACS activities are devoted to
increasing early cervical cancer detection by improving Pap smear test uptake among hard-to-reach
women. Every month, a group of community workers identifies women who are not complying with
the screening program, visits them at home, provides basic training in cervical cancer risks, and
schedules a Pap smear test for them at the nearest healthcare facility. Despite this effort, around
40% of the visited patients end up missing their appointments. Therefore, more information is
required to design interventions aimed at increasing attendance levels. Indeed, behavioural
interventions informed by patient beliefs about screening have been found to increase uptake rates
(Noman et al., 2021). Additionally, accurate predictions of individual no-show probabilities could
improve resource allocation by identifying those patients who would benefit the most from such

interventions (Wu et al., 2019).

The Health Belief Model (HBM) is a widely used conceptual framework in health behavioural
research (Champion & Skinner, 2008). In its original version, introduced in the 1950s, the underlying
theory is that the adoption of a protective health behaviour can be explained by the patient’s
perceptions of their susceptibility and the severity of the “threat”, and the benefits of and barriers
to the behaviour (Rosentock, 1960). Later, the model was extended to incorporate other categories
(Champion & Skinner, 2008). Rosenstock et al. (1988), for example, proposed the inclusion of a
Health Motivation category to assess the patient’s incentive to behave and maintain general good
health. More recently, Champion (1985) developed instruments to measure HBM constructs
related to breast cancer behaviour. According to Ritchie et al. (2020), Champion’s revised HBM

(CHBM) has been found to explain between 25% and 89% of the variance in participation in
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mammography studies, in different contexts, over almost 40 years. Recent reviews on the use of
the HBM to study cancer prevention behaviours can be found in (Lau et al., 2020; Naz et al., 2018;

Ritchie et al., 2020) .

Guvenc et al. (2011) adapted the instruments of the CHBM to assess beliefs towards
cervical cancer screening. Since then, several studies have adopted the CHBM as a conceptual
framework to understand cervical cancer screening behaviours. As expected, the resulting scores
for each construct are highly context dependent. For example, studies using Guvenc’s scale have
found susceptibility scores ranging from 2.2 in Saudi Arabia (Aldohaian et al., 2019a) to 4.8 in the
USA (Smith & Mercado-Sierra, 2021). Consequently, two recent reviews have highlighted the need
to conduct local empirical research to inform public policy and design tailored interventions,

particularly among marginalized communities (De Cuevas et al., 2018; Maseko et al., 2019).

This study aims to inform the design of behavioural interventions to increase attendance
levels for cervical cancer screening, among hard-to-reach low-income women in Bogota. To achieve
this, we propose a two-fold approach: cervical-cancer belief assessment and individual no-show
probability prediction. A cross-sectional face-to-face survey of a random sample of ACS patients
was conducted. Our analytical approach is three-fold: first, we study the reliability and construct
validity of Guvenc’s scale in our study context. Next, descriptive statistics and pairwise comparison
of means are used to analyse the CHBM constructs. Finally, we develop a model to predict individual
no-show probabilities using the survey results, patient sociodemographic information and

appointment characteristics.

4.2 Methods

This section starts with a description of our study context. We provide basic information about the

cervical screening program in Colombia and the definition of hard-to-reach women used by ACS in
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Bogota. The beliefs assessment then follows, describing the survey instrument, its validation, and
data collection procedure. Finally, we present the proposed modelling approach to predict

individual attendance probabilities.

421 Study context and sample.

In Colombia the coverage of the vaccination against the Human Papilloma Virus (HPV) remains low,
despite being included in the free national immunization program (Vorsters et al., 2020). Therefore,
cervical cancer control strategy is focused on early detection through screening. Women between
25 and 69 are eligible, following a 1-1-3 scheme. This means that screening is recommended
annually and changed to a three-year interval after two consecutive annual negative results.
Currently, the program is primarily based on cervical cytology and is included in the national health
insurance, so no out-of-pocket payment is required when undergoing the examination (Bermedo-
Carrasco et al., 2015; Resolution 603280, 2018). However, women do not receive any formal
invitation to book a cytology appointment. Thus, the program relies on doctor recommendations
and patient motivation. Although recent legislation recommended starting a transition to a HPV-
test-based screening (Resolution 603280, 2018), the National Ministry of Health assessed
operational barriers and decided to delay the pilot phase (Resolution 276, 2019). SDS considers a
patient to be hard-to-reach if despite being eligible, she has not attended a screening appointment
in the preceding year. Additionally, low-income populations are classified into four poverty levels
to prioritize their participation in social programs. In this context, ACS only covers people belonging
to the three most severe levels of poverty (High, Medium, and Low). Our study population are hard-

to-reach women covered by ACS in Bogota.

All items in the CHBM questionnaire used a three-point Likert scale: disagree, neutral and
agree. The aim of the cross-sectional survey was to estimate the proportion of patients selecting
each option. In December 2019, 43,500 hard-to-reach women were covered by ACS. In the absence
of information about responses to any of the CHBM questions among this target population, the

sample size was determined using an assumed proportion of 50% ‘yes’ responses to a hypothetical

73



Chapter 4

yes/no question, with confidence level 95% and error 2.5% (Eng, 2003). This gave a required sample
of at least 1485 participants. Following a process of stratified random sampling, SDS eventually
invited 1750 hard-to-reach women to take the survey. A total of 1699 women (97%) consented and
SDS provided the anonymized answers. Although the women in our study population were
designated hard-to-reach, they were willing to receive a home visit from the ACS team and were
asked to take the survey at the end of the visit. This might offer an explanation for the high uptake,
as no incentives were offered. Additionally, appointment information and socio-demographic data
(i.e. age of the patient and poverty index) were retrieved from SDS information systems. Pontificia
Universidad Javeriana (FID-19-107), SDS (2019EE47807) and the University of Southampton (ERGO

ID 48583.A1) granted ethical approval for this study.

4.2.2 Assessing beliefs

We used the items of the CHBM questionnaire for cervical cancer screening and Pap smear test,
developed by Guvenc et al. (2011). The statements were translated into Spanish and discussed with
public health experts from SDS. As a result, taking into account the study context, six items were
added to the list and five deleted. Hence, we used a 37-item survey (see Table 4.1) to assess the
five constructs of the model: Susceptibility (4 items), Severity (7 items), Benefits (8 items), Health
motivation (3 items) and Barriers (15 items). For data analysis, values of 1 (disagree), 3 (neutral)
and 5 (agree) were assigned, following the convention in the literature (Aldohaian et al., 2019b).
Construct validity was evaluated using principal component analysis and sample adequacy was
assessed with the Kaiser-Meyer-Olkin (KMO) test. Finally, reliability of the scale was examined using
item-rest subscale correlation and Cronbach’s Alpha coefficients. We provide details of instrument

validation in Appendix D.

Community workers collected data, at the end of home visits, between January and

February 2020. Before data collection started, training took place in eight workshops with 280
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community workers. During these workshops, the research project was presented and items of the
instrument were analysed. As part of their enrolment process with SDS, community workers were
previously trained in data collection, interaction with vulnerable communities and techniques to
discuss health-related topics. Due to security concerns, it was decided that a printed version of the
instrument should be used with each participant. Raw data were stored and anonymized by SDS.
We used descriptive statistics to assess beliefs about cervical cancer screening. Pairwise
comparison of means was performed to examine the effect of the participants poverty levels on

each construct of the CHBM.

Table 4.1: CHBM Survey

Category No Statement

Susceptibility 1 Itis likely that | will get cervical cancer in the future

Susceptibility 2 My chances of getting cervical cancer in the next few years are high

Susceptibility 3 | feel | will get cervical cancer sometime during my life

Susceptibility 4 | feel I will get cervical cancer sometime during my life because | have family history of cancer

Severity 5  The thought of cervical cancer scares me

Severity 6  When | think about cervical cancer, | feel worried

Severity 7 lam afraid to think about of cervical cancer

Severity 8  Problems | would experience with cervical cancer would last a long time

Severity 9  Cervical cancer would threaten a relationship with my husband, boyfriend, or partner

Severity 10 If I had cervical cancer my whole life would change

Severity 11  If I developed cervical cancer, | would not live longer than 5 years

Benefits 12 | want to discover health problems early

Benefits 13 Maintaining good health is extremely important to me

Benefits 14  Ilook for new information to improve my health

Benefits 15 |[feelitis important to carry out activities which will improve my health

Benefits 16 ?aa:ciZE regular Pap smear tests will help to find changes to the cervix, before they turn into

Benefits 17  If cervical cancer was found at a regular Pap smear test its treatment would not be so bad

Benefits 18 | think that having a regular Pap smear test is the best way for cervical cancer to be diagnosed
early

Benefits 19  Having regular Pap smear tests will decrease my chances of dying from cervical cancer

Motivation 20 | eat well-balanced meals for my health

Motivation 21 |exercise at least 3 times a week for my health

Motivation 22 | have regular health check-ups even when | am not sick

Barriers 23 | am afraid to have a Pap smear test for fear of a bad result

Barriers 24 | am afraid to have a Pap smear test because | don’t know what will happen

Barriers 25 I don’t know where to go for a Pap smear test

Barriers 26 | would be ashamed to lie on a gynaecologic examination table

Barriers 27  Undergoing a Pap smear test takes too much time

Barriers 28 Undergoing a Pap smear test is too painful

Barriers 29  Health professionals performing Pap smear tests are rude to women

Barriers 30 I have other problems in my life which are more important than having a Pap smear test

Barriers 31 lam too old to have a Pap smear test regularly

Barriers 32 Undergoing a Pap smear test is too uncomfortable

Barriers 33  Ithink that having a regular Pap smear test is required only if one has an active sexual life

Barriers 34 My religion does not allow me to undergo a Pap smear test

Barriers 35  Preparing for a Pap smear test can be inconvenient for me

Barriers 36 Undergoing a Pap smear test can cause problems with my partner

Barriers 37 lam too young to have a Pap smear test regularly
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4.2.3 Predicting individual no-show probabilities

We analysed two data sets. First, SDS provided anonymised data from the 1699 surveyed patients
(dataset 1). Table 4.2 presents the list of variables collected by ACS program managers, grouped
into patient and appointment characteristics. These variables have been found to have good
predictive value for medical appointment attendance (Dantas et al., 2018). Five of these variables
(age, lead time, month, and day) were previously used to model no-show behaviour for preventive
care appointments in Bogota (Barrera Ferro et al., 2020). Second, we retrieved data from historical
administrative records (dataset 2) relating to appointments scheduled for 23,384 women between
2017 and 2019 as part of the ACS program. Further details of the two datasets can be found in
Appendix C, where it can be seen that the sociodemographic profiles of the women in both datasets

are similar.

Table 4.2: Variables used for the LASSO model.

Highest no-show Lowest no-show
Cat Variabl D ipti
ategory anable escription Dataset1l Data set2 Dati set Data set 2
Patient Age Age of the patient at the time of [30-49] <30 >59 >59
the appointment (years) 41% 51% 24% 29%
Poverty Poverty level indicator defined by High High Medium Low
the national planning department 46% 40% 34% 34%
Appointment Lead Elapsed time between the date of >16 >16 [8-15] [8-15]
time the home visit and the
appointment date (days) 39% 38% 30% 35%
Month Month in which the appointment January February February January
was scheduled 42% 39% 33% 36%
Day Day of the week in which the Saturday Saturday Monday Sunday
appointment was scheduled 38% 44% 35% 22%

The methodology is described in detail in (Barrera Ferro et al., 2020) and is summarised
briefly here. For age and lead time we used decision trees to build categorical variables aiming at
increasing model stability (Thomas et al., 2017). Additionally, one-hot encoding was used to
represent all the variables in the models. To improve interpretability, we performed variable
selection using a LASSO (Least Absolute Shrinkage and Selection Operator) regression model
(Tibshirani, 1996). In cases with high correlation between independent variables, this model has
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been found to select only the best predictors and set the coefficients of the other variables to zero,
avoiding multicollinearity problems (Muthukrishnan & Rohini, 2016). Finally, we randomly
generated training (70%) and test sets (30%). Table 1 also shows the categories with the highest
and lowest no-show rates, for each variable in each data set. For example, while in the data set 1
the patients between 30 and 49 years old have the highest no-show rate (41%), in the data set 2
the patients younger than 30 years old have a no-show rate of 51%. Detailed information about

the samples, frequencies, and attendance levels for both data sets are provided in Appendix C.

To quantify the linear relationships between each variable and the no-show probability, we
fitted a LASSO regression model. This model was proposed to overcome the accuracy and
interpretability limitations of ordinary least-squares regression (Tibshirani, 1996) and has been
widely used to predict appointment attendance (Dantas et al., 2018). In future, SDS will use
individual no-show probabilities to classify patients into three groups: A, B and C. While patients in
groups A (at high risk of no-show) and B (at medium risk) will receive different behavioural
interventions, patients in group C (low risk) will not receive any intervention as they are likely to
attend anyway. Therefore, we needed to select two cut-off points. This process is called cut-off
point tuning and is based on ROC performance indicators (Verbeke et al., 2017). Consequently, the
performance of the model was assessed using the average Area Under the Receiver Operating
Characteristic (AUROC) score. This score ranges from 0 to 1, and can be interpreted as the average

sensitivity of the classification considering all possible specificities (Verbeke et al., 2017).

We analysed average coefficients over 100 experiments. For each group of ten
experiments, we randomly divided the data into ten groups, using nine for training and the other
one for testing. Then, the testing group was iteratively changed. When this procedure is repeated
10 times, it is called a 10-by-10 cross validation process. Additionally, a parametric analysis was
carried out to determine the penalty constant of the model. We decided to use the constant that

maximizes AUROC score while maintaining the minimum possible number of variables. Scikit-
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Learn's logistic regression was used in our analysis, setting the alpha value to 0 (Pedregosa et al.,

2011).

To quantify the impact on accuracy, we conducted three experiments. For model 1, we
used the variables presented in Table 1 for the surveyed patients (n=1,699). For model 2, we used
the same data set and included responses to the 37-item survey instrument. For model 3 a
sequential approach was used as follows. First, we trained a model with the variables presented in
Table 1, using information from Pap smear test appointments that were scheduled between 2017
and 2019 (dataset 2, n = 23,384). We hypothesized that by using these historical data the model
would be better able to identify patterns of attendance. With this model, we predicted the no-show
probability for each patient in the survey data set. Then, a second model was fitted using the first

model prediction and the 37 items in the survey.

4.3 Results

We present our results organized in three sections. Firstly, an assessment of the beliefs is
presented. Then, the LASSO regression results are summarized. We use average odds ratios (OR) to
guantify the impact of each variable on the attendance probability. Finally, the performance of the
prediction approach is assessed. We analyse the added value, in terms of AUROC score, of using a

sequential approach to predict individual attendance probabilities.

43.1 Assessing beliefs

Figure 4.1 presents the distribution of the scores for the 37 items, grouped into nine components.
We provide detailed results of the item reliability analysis and construct validation for the
instrument in Appendix D. Response frequencies by item are provided in Appendix E. Using a scale
from 1 (disagree) to 5 (agree), the average susceptibility score is 2.86, with 3.83 being the highest

observed value (statement 1). When presented with the statement “It is likely that | will get cervical
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cancer in the future”, 56% of the participants agreed. However, judging by the other three items in
the category, most of the participants showed a low perceived susceptibility. More than 40% of the
participants disagreed with statements 2, 3 and 4. Similarly, only one component is identified for
the heath motivation category. The average score for health motivation is 3.52, with items ranging
from 3.05 to 4.03 on average. While 71% of the participants agreed with statement 20 “/ eat well-
balanced meals for my health”, only 44% reported that they exercise at least 3 times a week for

their health (statement 21).

Figure 4.1 also shows that severity items were grouped into two components (2 and 3).
There is a difference between feeling anxiety about the idea of developing cervical cancer and being
afraid of its possible consequences. The average score for component 2 is 4.27 and it includes items
5,6 and 7. These items are all related to the general idea of cervical cancer. On average, 78% of the
participants agreed with these three statements. However, severity score decreases when
participants are asked about possible consequences of the disease. The average score for
component 3 is 3.37, with values ranging from 2.82 to 4.14. Finally, statements 9 and 10 score
bellow 3.0. While 42% of the participants disagreed with the statement “Cervical cancer would
threaten a relationship with my husband, boyfriend or partner”, 43% provide the same answer for

the statement “If | developed cervical cancer, | would not live longer than 5 years”.

Barriers statements are grouped into components 7, 8 and 9 with average scores of 2.63,
2.34 and 1.51, respectively. Component 7 includes statements 23 and 24 both related to being
afraid to have a Pap smear test, either because of a possible bad result or because they do not know
what might happen. Both statements have similar distribution of answers, among participants:
around 35% agreed and 55% disagreed. Component 8 includes statements 28, 29 and 32. These
statements are related to the experience of taking a Pap smear test. Among participants, the test
is perceived as painful (38%) and uncomfortable (49%). Additionally, 19% of the respondents
believed that the health professionals performing the test are rude to women. Lastly, component

9 included four statements: 34, 35, 36 and 37. Interestingly, these four items were added to the
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instrument as result of the discussion with SDS public health experts. However, on average, 83% of
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Figure 4.1 Distributions of the scores by component
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There is a relationship between the scores of three constructs of the CHBM, severity,
motivation and barriers, and the poverty level of the participant. Kruskal-Wallis tests show that
there are statistically significant differences in the scores of severity (p-value <0.001), health
motivation (p-value <0.0028) and barriers (p-value <0.001) between the three levels of poverty.
Additionally, the Dunn tests show that participants at the higher level of poverty have lower health
motivation score (p-value <0.001), highest severity score (p-value <0.001) and higher barriers score
(p-value <0.001). There is no statistically significant difference among the scores of the other two
groups of participants. Pairwise comparisons for the nine components lead to similar conclusions
regarding the poverty levels. Appendix F presents the p-values for the Kruskal-Wallis test and the

pairwise comparisons, using the Dunn test.
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4.3.2 Variables affecting no-show probability.

This section presents the LASSO regression results. We report the odds ratios (5" percentile, 95"
percentile and average) for the 100 experiments. While Table 4.3 presents the results for the HBM
survey, Table 4.4 presents the results for the patient and appointment characteristics. Both tables
present the results of the same LASSO model. To model the outcome, a value of one is assigned to
those patients attending their appointments. Therefore, higher odds ratios (ORs) mean lower no-
show probabilities. For example, patients who disagree with statement 1 are less likely to attend
their appointments (OR 0.82) than those who are neutral to (OR 0.98) or agree (OR 1) with the same
statement. This model has a good discriminatory power and its results are not sensitive to the

sample. The average AUROC score is 0.79 with a standard deviation of 0.004.

There is a relationship between the CHBM constructs and the no-show probability. Table
4.3 summarises the ORs for the possible answers to 16 items of the survey. The other 21 items were
found not to have a good predictive value for the attendance levels. Participants with higher
perceived susceptibility are more likely to keep their appointments. Those who disagree with
statements 1 and 3 have OR of 0.82 and 0.66, respectively. Additionally, patients with lower health
motivation and perceived benefits are less likely to attend. The average ORs range from 0.54 to

1.09 for benefits and from 0.80 to 1.02 for health motivation.

Perceived severity and barriers affect the no-show probability. Patients who disagree with
being afraid to think about cervical cancer are less likely to attend (OR 0.93). Surprisingly, those
who do not worry about specific personal consequences of the disease have lower no-show
probabilities (OR 1.26 and 1.27). Additionally, patients are more likely to attend if they are not afraid
to have the test (OR 1.31), do not think that the test is painful (OR 1.23) or uncomfortable (1.42)
and do not believe that the testing is only required for patients with an active sexual life (1.42).

Lastly, patients have lower no-show probabilities if they are neutral to statements 29, 30 and 35.
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Table 4.3: LASSO regression results: Health Beliefs Model survey.

STATEMENT Odds Ratio Disagree Odds Ratio Neutral
CATEGORY N
95th 5th Average 95t 5th Average
Susceptibility 1 s likely that [ will get cervical 090 074 082 100 0.90 0.98
cancer in the future
Susceptibility 3 | eel ! will get cervical cancer 072  0.60 066 084 0.65 0.73
sometime during my life
Severity ; amafraidto think about of 099 083 093 125 1.00 1.05
cervical cancer
Severity g  Cervical cancer would threaten a 139 116 126 128 1.03 1.15
relationship with my husband
Severity 10 [fIhad cervical cancer my whole 129 127 127 119 1.00 1.04
life would change
Benefits 13 Maintaining good health is 069 045 054 099 0.79 0.92
extremely important to me
If cervical cancer was found at a
Benefits 17 regular cytology its treatment 1.00 0.92 098 1.22 1.02 1.09
would not be so bad
Motivation o |exerciseatleast3 times a week 1.00 0.95 099 097 081 0.89
for my health
Motivation 5 |haveregular health check-ups 087 0.75 080 111 1.00 1.02
even when | am not sick
. | am afraid to have a Pap smear
Barriers 23 142 121 131 180 1.32 1.52
test for fear of a bad result
Barriers o Undergoing a Pap smear testis too 136 111 123 112 100 1.02
painful
Health professionals performing
Barriers 29 Pap smear tests are rude to 0.98 0.82 093 139 1.08 1.22
women
| have other problems in my life
Barriers 30 which are more important than 1.00 0.86 095 1.59 1.13 1.32
having a Pap smear test
Barriers 3p Undergoing a Pap smear test s too 158 127 142 126 1.00 1.05
uncomfortable
I think that having a regular Pap
Barriers 33 smear test is required only if one 155 1.28 142 115 1.00 1.02
has an active sexual life
Barriers 35 Preparing for cytology can be 1.00 0.83 095 148 1.04 1.22

inconvenient for me

We also find a relationship between patient and appointment characteristics and the

attendance probability. As can be seen in Table 4.4, the age and the poverty level of the patient

affect her attendance rate. The older the patient, the more likely they are to keep their

appointment.

Additionally, patients in the highest level of poverty have lower attendance

probabilities. Table 4.4 also shows that reducing lead times might lead to better attendance levels.

ORs range from 1 to 4.63 when the lead time is varied. Lastly, as the survey was conducted between
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January and February 2020, the model is not able to find possible seasonal patterns on the

attendance rates. The ORs for February appointments are only slightly higher than the ones for

January.

Table 4.4: LASSO regression results: Patient and appointment characteristics.

Odds Ratio for attendance probability

Variable
5th 95th Average
Age
[25, 30) 0.83 0.98 0.93
[30, 59) 0.81 0.99 0.94
[59, 64) 1.62 2.29 1.96
>64 1.00 1.00 1.00
Poverty
High 0.66 0.85 0.74
Medium 1.00 1.21 1.08
Low 1.00 1.00 1.00
Lead time
<14 2.95 3.78 3.24
[14, 27) 4.00 5.40 4.63
[27, 39) 1.76 2.38 2.01
>39 1.00 1.00 1.00
Month
January 0.95 1.00 0.99
February 1.16 1.02 1.06
4.3.3 Improving prediction accuracy.

In this section, we assess the performance of the three modelling approaches to predict individual

attendance probabilities. Figure 4.2 summarizes the results of 300 experiments. Each point in the

graph represents the average and standard deviation of the AUROC score for a group of ten

experiments. Model 1 predicts the attendance probability using only patient and appointment

variables presented in Table 1. Model 2 includes the same variables and the results from the HMB

survey. Lastly, model 3 follows a sequential approach, combining data from 23,384 Pap smear

appointments and the survey results.
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Figure 4.2 Model performance

Assessing patient beliefs towards cervical cancer screening adds value to the prediction
process. By using the survey results, it is possible to increase the average AUROC score from 0.71
to 0.79. Arguably, collecting and processing this information is expensive. However, these results
improve the understanding of the no-show phenomena and could be used to inform the design of
interventions to increase attendance levels. This is particularly relevant in the context of hard-to-
reach patients. Additionally, the performance of model 3 shows that it is possible to train one model
with administrative data (routinely collected) and select a representative sample of patients to

assess their beliefs. This strategy increases the AUROC score up to 0.9.

4.4 Discussion

Compared to other studies using Guvenc’s scale, our results suggest that hard-to-reach women
from Bogota have lower perceived susceptibility (Daryani et al., 2016; Mabotja et al., 2021; Nigussie
et al.,, 2019; Samami et al.,, 2021; Smith & Mercado-Sierra, 2021), higher perceived severity
(Aldohaian et al., 2019a; Daryani et al., 2016; Kocadz et al., 2018; Mabotja et al., 2021; Maharjan et
al., 2020; Nigussie et al., 2019; Samami et al., 2021; Smith & Mercado-Sierra, 2021), higher
perceived benefits (Daryani et al., 2016; Kocadz et al., 2018; Mahajan et al., 2020; Maharjan et al.,

2020; Nigussie et al., 2019; Samami et al., 2021; Smith et al., 2018) and lower perceived barriers
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(Aldohaian et al., 2019a; Demirtas & Acikgoz, 2013; Kocaoz et al., 2018; Maharjan et al., 2020; Reis
etal., 2012; Samami et al., 2021), towards cervical cancer screening. Recent reviews concluded that
these beliefs have been less researched in Latin America (Liebermann et al.,, 2018; Williams-
Brennan et al.,, 2012). However, we identified among our participants three beliefs that have
hampered the implementation of cervical cancer screening programs in other countries of the
region. Firstly, for 32% of our participants there is a relationship between cancer history in the
family and the susceptibility of developing cervical cancer (Gajardo & Urrutia, 2017; Urrutia S,
2012). Secondly, 28% of the women believe that undergoing a Pap smear test is not required if one
does not have an active sexual life (Agurto et al., 2004; Paz Soldan et al., 2008; Urrutia S, 2012).
Lastly, 41% of the surveyed patients think that a cervical cancer diagnosis might threaten the
relationships with their husbands, boyfriends or partners (Agurto et al., 2004; Liebermann et al.,

2020; Victoria et al., 2020).

Our regression results also confirm what has been found in previous research, in LMIC
contexts outside Latin America. In Bogota, patients are more willing to undergo a Pap smear test if
they perceive themselves at risk of developing cervical cancer or understand the benefits of the
screening program. Similarly, perceived susceptibility was associated with higher uptake rates in
Ghana (Ampofo et al., 2020), Ethiopia (Nigussie et al., 2019) and Iran (Mehraban et al., 2018).
Additionally, higher perceived benefits were found to encourage screening behaviours in Nepal
(Maharjan et al., 2020), Ghana (Ampofo et al., 2020) and Ethiopia (Gemeda et al., 2020). In a recent
review, Simbar et al. (2020) concluded that training-based interventions are able to modify
perceived susceptibility and benefits, leading to behavioural changes. Therefore, education among

participants with higher no-show risk in Bogota should aim at increasing perceived susceptibility.

We also find that poverty affects patients’ beliefs and attendance probabilities. Participants
in the most severe level of poverty have lower perceived health motivation, higher perceived
severity, higher perceived barriers and are less likely to keep their appointments. The relationship

between poverty levels and cervical cancer screening behaviour (Arrossi et al., 2008; llevbare et al.,
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2020; Ng’Ang’A et al., 2018; Paz Soldan et al., 2008; Weng et al., 2020), or no-show rates (Daye et
al., 2018; French et al., 2017; Lu et al., 2017, Mohammadi et al., 2018), has been widely documented
(Dantas et al., 2018). However, little has been discussed about the differences in beliefs among
women suffering different levels of poverty. Targeting marginalized communities with tailored
interventions could improve screening uptake (Amin et al., 2020; Musa et al., 2017; Pilleron et al.,
2020). Therefore, our results suggest the need to develop new information material for lower

income patients in Bogota.

Cancer worries decrease attendance probability. The underlying assumption of the CHBM is
that perceived susceptibility acts as an enabler for protective health behaviours. Indeed, several
studies have found that perceived severity is associated with better cervical cancer screening
uptake rates (Annan et al., 2019; Brandt et al., 2019; Guvenc et al., 2011; Mabotja et al., 2021;
Maharjan et al., 2020). However, our results show that participants who believe that a cervical
cancer diagnosis would threaten their relationships (41%) or change their whole life (74%), and
participants who are afraid of a bad result (36%) are less likely to attend. Recent research has
theorized that there is a difference between general (about the disease) and specific (about the
consequences) cancer worries (Quaife et al., 2018). In this context, it is possible that while worrying
about developing cancer motivates early diagnosis behaviours, some specific worries about the
consequences act as deterrents to screening attendance (Murphy et al., 2018; Vrinten et al., 2017).
Our results highlight the need to develop education campaigns to address misconceptions about

the disease mortality and treatment.

There is a potential for improving attendance rates among hard-to-reach women in Bogota
by decreasing lead times. ORs range from 1 to 4.63 (IC 4-5.4) when the lead time is decreased. This
relationship has been previously found in other no-show studies for healthcare appointments

(Parente et al., 2018; Rosenbaum et al., 2018; Srinivas & Ravindran, 2018). Further, while offering
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timely access to screening services is a key component in implementation success (Black et al.,
2019; Carr & Sellors, 2004), access problems are one of the main barriers towards cervical cancer
screening in Latin America (Agurto et al.,, 2004). It has been argued that in poorly-resourced
systems, cytology-based screening programs are less effective than using a combination of different
types of test (Denny et al., 2017; Sivaram et al., 2018). Our results highlight the need to conduct an
economic evaluation of alternatives to strength the cervical cancer screening program in Bogota.
For example, including HPV testing and self-sampling have shown positive impacts in Argentina,
Brazil and Mexico (Arrossi, 2019; Arrossi et al., 2021; Flores et al., 2011; Diama Bhadra Vale et al.,

2021).

The main limitations of this study are related to the sample. First, we aimed at assessing
beliefs among hard-to-reach women in Bogota. Therefore, sampling among ACS participants is
considered to be a good strategy. However, we are not able to draw conclusions about other
relevant groups in the city. Further research on women outside the program could also inform
public policy. Second, data were collected at the end of the home visit. Consequently, it is not
possible to quantify the impact of the basic training provided by ACS community workers among
our participants. However, we believe that the information provided by this assessment can be
used to strengthen the program and ultimately improve health outcomes. Lastly, data were
collected between January and February 2020. In Bogot3d, the first confirmed case of COVID-19 was
reported in March 2020 and restrictions on social distance were adopted two weeks later. Data
collection was completed before the public became aware of the pandemic so we are confident
this did not influence responses, but it is not possible to draw any conclusions on how the (widely
available) information on the virus may subsequently have affected the health-seeking behaviours

of our study population.

4.5 Conclusion

Our methodological approach has the potential to improve the cost-effectiveness of behavioural
interventions to increase screening uptake among hard-to-reach women in any setting. Generally,
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behavioural strategies aimed at the whole population are not cost-effective (Schwebel & Larimer,
2018; Weaver et al., 2019; Wu et al., 2019). Further, using mass interventions such as phone or text
reminders might ignore the underlying reasons for the no-show behaviour among hard-to-reach
populations (Brouwers et al.,, 2011; Spadea et al.,, 2010). Therefore, by accurately predicting
individual attendance probabilities, it is possible (and financially sustainable) to design tailored
interventions for marginalized communities in low-resourced settings. More importantly, for each
cohort of patients the model can be used to predict individual attendance probabilities and classify
patients into different intervention groups. By doing so, costly behavioural interventions can be
reserved for those with higher no-show risk. In this context, scores of the beliefs assessment can
be used to select the most appropriate behavioural approach for each group. We have also shown
that, following a sequential approach, it is possible to identify patients with higher no-show risk by
exploiting a combination of routinely-collected data and a sample-based beliefs assessment. In
Bogotd, interventions for younger patients living in extreme poverty should be prioritized.
Additionally, educational campaigns should be designed to address misconceptions about the
disease mortality and treatment. Although it isimportant to convey a message about susceptibility,

communication should be careful so not to reinforce anxiety among the patients.
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Chapter 5 Improving fairness

Abstract

Over the last decade, due to the growing availability of data and computational resources, machine
learning (ML) approaches have started to play a key role in the implementation of affirmative-
action policies and programs. The underlying assumption is that resource allocation can be
informed by the prediction of individual risks, improving the prioritization of the potential
beneficiaries, and increasing the performance of the system. Therefore, there is an interest in
ensuring that biases in the data or the algorithms do not lead to treating some individuals
unfavourably. Particularly, the notion of group-based fairness seeks to ensure that individuals will
not be discriminated on the basis of their group’s protected characteristics. This work proposes an
optimization model to improve fairness in ML-enabled affirmative actions, following a post-
processing approach. Our case study is an outreach program to increase cervical cancer screening
among hard-to-reach women in Bogota, Colombia. The computational experimentation shows that

it is possible to address ML bias while maintaining high levels of accuracy.

5.1 Introduction

Affirmative actions are designed to avoid discrimination against part of the population on the basis
of gender, ethnic group or socio-economic background, among others (Crosby et al., 2006).
According to Chavkin (1997), these type of policies and programs have two main goals: social justice
and efficiency. While in the former the objective is to balance the playing field for those who have
been discriminated against; in the later, the idea is to take advantage of the practical implications
of their effective inclusion. Although there is an open debate on the possible unintended
consequences of this approach (Ellison & Pathak, 2021), there is also compelling evidence about
the positive impact of affirmative actions in different contexts such as education (Aygun & B6, 2017;

Rotem et al.,, 2021) or inclusion in the workplace (Beaurain & Masclet, 2016). Perhaps more
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importantly, as discrimination continues to be a concern, these type of policies are still needed and

expected to be in place for the decades to come (Crosby et al., 2006).

Over the last years, due to the availability of data and computational resources, machine
learning (ML) approaches have started to play a key role in the implementation of such affirmative-
action policies and programs. Ye et al. (2019), for example, used ML techniques to help the New
York City government to identify buildings where tenants might face landlord harassment, in order
to prioritize resource allocation for an outreach educational program. In the same vein, ML has
been used to improve students drop-out prevention (Maldonado et al., 2021) reduce patients no-
show behaviour (Barrera Ferro et al., 2020) and improve the understanding of the community
needs in developing countries contexts (Conforti et al., 2020). In a recent review, Shi et al. (2020)
analysed published work under the broader concept of Artificial Intelligence for Social Good
(Al4SG). According to the authors, while there is a growing interest on solving social problems using
Al, the deployment remains a challenge. Therefore, more work providing evidence of short-to-

medium impact is needed.

In this context, it is important to ensure that biases in the data or the algorithms do not
lead to treating some individuals unfavourably (Oneto & Chiappa, 2020). Therefore, assessing and
accounting for Al fairness has become increasingly important among researchers and decision
makers (Mehrabi et al., 2021) and a large number of metrics have been developed to quantify
fairness and mitigate bias in ML (Caton & Haas, 2020). Verma and Rubin (2018), for example,
collected different definitions of fairness for the algorithmic classification problem and analysed
them using a regression classifier trained on a credit data set. In this review, the authors conclude
that an assessment of which fairness definition is appropriate needs to be conducted on a case-by-

case basis.
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This work proposes an optimization approach to improve fairness in ML-enabled
affirmative actions. We study the case in which a set of interventions will be adopted to foster a
desired outcome among a target population. From the operational perspective, the decision of who
will take part in each intervention is made based on the predicted individual probabilities of
achieving the outcome without intervention. Therefore, the bi-objective model maximizes accuracy
and minimizes inequality of the classification. Our case study is an outreach program to increase

cervical cancer screening among hard-to-reach women in Bogota, Colombia.

5.2 Related Work

Due to the increasing interest in detecting and mitigating Artificial Intelligence bias, different
reviews have aimed at synthetizing recent work in the field, providing analysis frameworks and
identifying future research challenges (Caton & Haas, 2020; Feuerriegel et al., 2020; Mehrabi et al.,
2021; Oneto & Chiappa, 2020). Therefore, in this section emphasizes the use of optimization to
improve fairness in the algorithmic classification problem. To organize our discussion, we adopt a
widely accepted framework that classifies works according to when the bias is addressed, into three
categories: pre-processing, in-processing and post-processing (Caton & Haas, 2020; Mehrabi et al.,

2021).

In the pre-processing approach, the objective is to eliminate the discrimination by
transforming the data. Tae & Whang (2021), for example, study the case in which the bias is tackled
by gathering additional data. They argue that indiscriminate collection, although it might be
feasible, is not cost-effective. Therefore, an optimization model is proposed to determine the
minimum amount of new data required, for each class. By exploiting the learning curves of the

classification algorithm, this approach improves both accuracy and fairness.

A second alternative is to redesign the classification algorithm to remove the
discrimination, this is called in-processing. According to Mehrabi et al. (2021), several authors have

used optimization models to improve classification fairness during the algorithm training. Dwork et
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al. (2012) study individual-based fairness, the idea that two similar individuals should be classified
similarly, and its relationship with statistical parity, a notion of group-based fairness. They propose
mathematical model to maximize accuracy subject to a fairness constraint and a bicriteria approach
to maximize accuracy while minimizing individual-based unfairness, subject to a group-based
fairness constraint. In the same vein, Valdivia et al. (2021) propose a methodology to explore the
trade-off between accuracy and fairness. They argue that in most in-processing approaches fairness
is used as a constraint of the optimization problem, leading to solutions that ignore a wide space of
potentially good alternatives. Consequently, a bicriteria model is proposed and a pareto front

generated using a nondominated sorting genetic algorithm Il approach.

Lastly, in the post-processing approach the objective is to improve fairness by making
changes after the classification algorithm is trained. Hadi et al. (2019), for example, aim at
improving resource allocation on a healthcare communications network, using a ML-enabled
patient classification. In this work, the classification process leverages health-status data to predict
individual stroke risks. Therefore, the notion of fairness is based on the idea of assigning high-
performance resources to patients with higher risk levels. However, possible bias on the patient
classification itself is not discussed. Similarly, Yan et al. (2021) propose a ML-informed model to
optimally allocate inspection resources for the shipping industry. The underlying idea is that it is
possible to increase fairness in the ship inspection process, by using ML techniques to predict

possible deficiencies on each ship.

This work adds to the body of research by proposing a bi-objective model to tackle
classification bias, using a post-processing approach. Our technique integrates the effort to improve
fairness with the decision-making process, including potential user requirements. In our case study,
we model capacity constraints for each intervention group. However, this can be easily extended

to model, for example, cost and impact of each intervention to support tactical decisions.
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53 Problem context and motivation

Despite been a highly preventable disease, cervical cancer remains a public health problem. In 2020,
604,127 new cases were diagnosed, and 341,831 women died of this type of cancer, worldwide
(International Agency for Research on Cancer, 2021a). Therefore, the World Health Organization
defined three goals to reduce its age standardized incidence rate (ASIR) to less than 4 per 100.000
women, by 2030 (Gultekin et al., 2020). One of these goals is to reach a 70% screening coverage
with a high-performance test. However, although in high-income countries screening programs
have been successful in reducing mortality, in lower and middle-income countries this is not the
case (Canfell et al., 2020; Diama B. Vale et al., 2021). In fact, 84% of the cases and 88% of cervical
cancer deaths, reported in 2018, occurred in poorly resourced countries (Arbyn et al., 2020). In
Colombia, the ASIR increased from 12.57 in 2018 to 14.9 in 2020 and there is evidence of
geographical patterns indicating a disproportional incidence among low-income women
(Hernandez Vargas et al., 2020; International Agency for Research on Cancer, 2021b; Pilleron et al.,

2020).

Consequently, Bogotad’s health office (Secretaria Distrital de Salud, SDS) instituted a
program to increase early cervical cancer diagnosis by promoting screening uptake among low-
income women who have failed to undergo a Pap smear test, despite being eligible. Under this
program, a group of community workers visit patients at their homes, conduct basic training in
cervical cancer risks and schedule for them a screening appointment at the nearest healthcare
facility. Despite this effort, the no-show rate for the appointments is around 40%. Therefore, SDS is
interested in designing two interventions to increase uptake. While the first intervention is
personalized and highly resource intensive, the second one is a mass strategy aimed at improving
coverage. To ensure cost-effectiveness and financial sustainability of the system, there is a capacity
constraint for each strategy. In this context, the population would be divided into three groups: a
group who would receive the personalized intervention (Group A), a group who would receive the

mass intervention (Group B) and a group that would not receive any intervention at all (Group C).
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To support the classification process, a machine learning algorithm is trained to predict
individual attendance probabilities. Figure 5.1 presents the distribution of a population according
to their predicted probabilities, their actual attendance (show/no show) and an example of the
classification, using the data described in section 5.5. For example, for the 6% of patients for whom
the algorithm gave between 10% and 20% probability of attendance, 5% did not actually attend
while 1% did attend; however, all the patients with a predicted probability of attendance between
90% and 100% did actually attend. Figure 5.1 also shows that the classification can be made based
on the predicted probability of attendance. If the machine learning algorithm has good predictive
power, by assigning those patients with predicted probability of attendance less than some
threshold value to group A and those with predicted probability greater than some other threshold
value to group C it is possible to maximize the cost-effectiveness of the interventions.
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Figure 5.1. Distribution of the number of show and no-show patients according with the predicted probability

However, when part of the targeted population belongs to a group associated with a

sensitive attribute (i.e., socio-economic background or age) this scenario might change. Hereafter,
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we will refer to such group as the protected class. The selection of the protected class depends on
the context and the goals of the decision makers. One of the objectives in fair Al is to avoid (when
possible) discrimination against this class (Verma & Rubin, 2018). Therefore, the notion of group-
level fairness is linked to the distribution of the prediction errors among both the protected and
unprotected classes (Feuerriegel et al., 2020). Figure 5.2 presents the distribution of the population
of Figure 5.1, when the lowest-income patients are considered as a protected class. As can be seen,
when both groups are unevenly distributed across the different ranges of probability, using the
same threshold values for both groups could lead to a different distribution of the prediction errors.
For example, suppose all the patients with predicted attendance probability higher than 70% are
assigned to Group C (the no-intervention group). In this case, Group C would include less than 1%
of the no-show patients in the unprotected class, but more than 3% of the no-show patients in the

protected class.
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Figure 5.2. Distribution of the number of show and no-show patients according with their predicted probability and class

In this context, two definitions of fairness are relevant: predictive equality and equal
opportunity. According to Verma and Rubin (2018), a classifier is said to guarantee predictive

equality if the false positive error rate (FPR) is the same in both protected and unprotected classes.
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Conversely, if the false negative error rate (FNR) is the same for both classes, an algorithm is said
to guarantee opportunity equality. In our context, a false positive is an individual that the algorithm
predicted would attend, but was in fact a no-show; a false negative is the opposite. When the k top-
ranked candidates are selected for each group (i.e., choosing the k candidates with the highest
attendance probability to be in Group C), we are using the same threshold for both classes.
Although this approach might increase accuracy, it overlooks the distribution of the prediction

errors. Therefore, we propose a mathematical model to support the classification process.

5.4 Mathematical Model

Our integer programming model optimizes two objective functions. On the one hand, we maximize
accuracy, measured as the total number of correctly classified cases. On the other hand, we
minimize the maximum difference between the prediction error rates of both classes. Here, we
present the model used to select the patients who will be in Group C and thus will not receive any
intervention. This group should contain those patients with the greatest probabilities of attending
the appointment. However, the model can be easily adapted to solve the classification problem for
Group A, patients who receive the personalised intervention. After solving both optimization
problems, all remaining patients will be assigned to Group B. Consequently, to solve the problem
for Group C, only the patients with attendance probabilities higher than 50% will be included. In
the formulation below, a positive case is a predicted show, and a negative case is a predicted no-
show. Note that in practice, the ‘capacity’ L2 of Group C will be determined by the actual capacities

of Groups A and B.

Sets

I Set of patients

] Set of classes (Protected, Unprotected)
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Parameters

1 ifthe patienti € I is a positive case
pi =

0 Otherwise

1 if the patienti € I is a negative case
n; =

0 Otherwise

1 ifthe patienti € I belongs to theclass j €]
Cij =

0 Otherwise

{1 if the patientsi € I and k € I belong to the same class
Ak =

0 Otherwise

Pr; Predicted attendance probability of the patienti € 1
1 if Prp<Pryi€land k €1

biy =
0 Otherwise

TP; Number positive cases in the class j €]

TN; Number negative cases in the class j €]

L, Maximal number of patients that can be classified as a positive case

Decision Variables

1 ifthe patienti € lis classified as a positive case
Xi =
0  Otherwise

w

V; = Threshold for the class j €]

Y; = Proportion of the patients of the class j € J classified as positive cases

Maximum difference between the false positive rates of the two classes

Chapter 5
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Model formulation

ZXL-SLZ

i€l

Yier Xinicy; _ ZiaXincy <w

TN TN,
Xi = ajby Xy

Vi = (1 =X;) cijpri

Yie1 XiCij

TNaTD = Y
TN; + TP,

X; € {0,1}

fi: Maximize inPi

i€l

f2: minimize W

Vievie]j#l1

vVielLvkel

Viel,Vj€e]

Vi€l

Viel

Vj€]

(1)

(2)

(4)

(5)

(6)

(7)

(10)

The first objective function (1) maximises the number of correctly classified show patients.

The second objective function (2) minimizes the predictive inequality. The set of constraints (3)

ensures the desired capacity for Group C. Constraints (4) compute the predictive inequality as the

maximum difference between the FPR of both classes. Constraints (5) ensure that if a patient is

classified as a show, all the patients with an equal or higher probability are classified as a show as
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well, within each class. Constraints (6) define the threshold for each class. Lastly, constraints (7)
compute the proportion of patients that are classified as show, and assigned to Group C, for each

class.

5.5 Computational experiments

We analysed data retrieved from the SDS information system. Between 2017 and 2019, a total of
23384 appointments were scheduled under the home visits program. Table 5.1 presents the list of
variables recorded by program managers, classified into patient and appointment related. For age
and lead time we used decision trees to build categorical variables maximizing information value.
For the experimentation, we selected three definitions of protected class: the lowest-income
patients, the youngest patients, and the oldest patients. From this database, we randomly generate

training (s1, 70%) and test (s,, 30%) sets.

Table 5.1: Variables used for prediction models

Category Variable Description
Patient Age Age of the patient at the moment of the appointment (years)
Poverty Patients are classified into four levels of poverty

Appointment Lead time Elapsed time between the date of the home visit and the
appointment date (days)

Month Month in which the appointment was scheduled

Day Day of the week in which the appointment was scheduled

Two prediction modelling approaches were implemented. To quantify linear relationships
between each variable and the attendance probability, we used a Least Absolute Shrinkage and
Selection Operator (LASSO) regression model. This model was proposed by Tibshirani (1996) to
overcome the accuracy and interpretability limitations of the Ordinary least squares model (OLS).
Recent applications of LASSO in healthcare research include no-show prediction (Tong et al., 2020)
and medication adherence (Zullig et al., 2019), among others. We conducted a parametric analysis
on the penalty constant and use a 10-fold cross validation process, repeated 10 times (10-by-10

CV). To improve accuracy, we model variable interactions using a Random Forest (RF). For
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classification problems, RFs are less sensitive to outliers and eliminate the risk of overfitting (Ali et
al., 2012). We decide to use weight class balancing, inform feature selection using LASSO results

and perform parameter optimization using 20% of the training set.

Two experiments were conducted with the mathematical model. First, to quantity the trade-
off between fairness and accuracy, we used an epsilon constraints approach (Haimes et al., 1971).
The accuracy was defined as objective and the fairness was transformed into a constraint, bounded
by the € parameter. Additionally, we divided the original training set (s;) into a two new training
(53,70%) and test (s, 30%) sets. After training the classification algorithms, we predicted individual
attendance probabilities for each patient on the s, set and solved the optimization problem. The
model was implemented and solved to optimality using Xpress IVE. As a result, a pareto front was
generated for each definition of protected class and for each classification algorithm. Second, we
discussed the results of the mathematical model with program managers at SDS and selected one
of solutions on the pareto front. Using this information, we divided the patients on the s, set. The
quality of the solution was compared to the one obtained by selecting the k patients with highest

predicted attendance probability in each group.

5.6 Results

We present the results organized into two sections. First, we analyse the trade-off between
accuracy and fairness, in the context of our case study. Next, we use these results to quantify the
impact of using our approach when selecting patients for each intervention group.

5.6.1 Accuracy vs Fairness.

Table 5.2 presents three solutions for each optimization problem. As we explained in Section 5.4,
to deal with the bi-objective model, the accuracy (f;) was selected as objective and the fairness

(f2) was transformed into a constraint, bounded by an & parameter. The idea is to quantify the
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trade-offs between both objectives. Therefore, the first solution solves the single-objective
problem, maximizing accuracy. For each case, we report both objective functions: the optimal
number of corrected classified patients (f;") and the difference between the prediction error rates
(f2)- Then, the second solution minimizes inequality. We report the optimal level of accuracy f7"
given that f, = € = 0. Lastly, in the third solution we aim at illustrating the changes produced in
f1 when a small change in f, is allowed. We report f;" given that f, = € < 0.1%. For groups A and
B, maximum capacities of 1500 and 2000 patients (approximately 30% and 40% of the s, set) were
assumed, respectively. When using the LASSO regression model, all the youngest patients (one of
the three protected classes) have a predicted attendance probability below 50%. Therefore, for this

class, only the optimization model for Group A was solved.

Table 5.2: Mathematical model results

Solution 1 Solution 2 Solution 3
Optimization
Protected class Prediction model model fi fo filfz=0 f1l220.1%
Oldest patients Random Forest Show - Group C 1354 9% 565 1350
LASSO Show - Group C 1137 48% 512 1100
Youngest patients Random Forest Show - Group C 1369 10% 552 1337
LASSO Show - Group C - - - -
Lowest-income patients Random Forest Show - Group C 1364 19% 600 1281
LASSO Show - Group C 1098 31% 1075 1077
Oldest patients Random Forest No-show - Group A 1043 32% 687 1040
LASSO No-show - Group A 634 53% 606 608
Youngest patients Random Forest No-show - Group A 1044 13% 959 1040
LASSO No-show - Group A 683 62% 383 607
Lowest-income patients Random Forest No-show - Group A 1035 27% 958 1033
LASSO No-show - Group A 799 43% 550 578

Table 5.2 also shows that the two objective functions on the first solution change, when the
definition of the protected class is varied. On average (over the three definitions of protected class),
if the RF prediction is used, 1362 (91%) out of the 1500 patients assigned to Group C would have
attended their appointments without any intervention. This average decreases to 74% when the

decision is made based on the LR prediction. Similarly, while the RF prediction would allow to assign
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an average of 1040 no-show patients to Group A, this value would decrease to 705 patients using
the LR prediction. As expected, all these solutions have high levels of inequality. The differences
between the prediction errors rage from 9% to 62%. On average, levels of predictive inequality are

lower (23%) that the levels of opportunity inequality (38%).

On average, eradicating the inequality in the prediction generates a 33% reduction in
accuracy. However, this indicator is highly variable. For example, if the youngest patients are
selected as the protected class, decreasing the predictive inequality from 10% to 0% generates a
60% reduction in accuracy (from 1369 to 552 correctly classified patients using the RF prediction).
See the row of youngest patients, using RF and group C model. However, if the protected class are
those patients with lowest-income levels, it is possible to eradicate 31% of the predictive inequality
(group C model) by sacrificing only 2% of the accuracy (from 1098 to 1077 correctly classified
patients, using the LR prediction). Interestingly, on average, despite the predictive inequality (group
C model) being lower (23%) than the opportunity inequality (group A model, 38%), the accuracy

sacrifice needed to eradicate the former is higher (46% and 22%, respectively).

Table 5.2 also shows that, in most cases, it is possible to achieve a 0.1% difference between
the prediction error rates by sacrificing less than 10% of the accuracy. In fact, in four cases (36%)
the number of correctly classified patients changes less than 1% and in other three cases (27%), less
than 5%. Additionally, between the solutions two (f;|f, = 0) and three (f;|f, = 0.1%) of Table 5.1, it
is possible to find multiple pareto solutions and quantify the impact on accuracy of different levels

of expected inequality.

Figure 5.3 presents the four pareto fronts generated when the lowest-income patients are
selected as protected class. The green and purple series represent the mathematical model results
using the RF and LR predictions, respectively. For example, the first green panel presents 14

solutions for the Group C model, using the RF prediction. On the one hand, the highest possible
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level of accuracy is 91%. Maximizing this objective function, 1364 (out of 1500) patients classified
in group C would attend their appointments without any intervention. However, this solution has a
19% of predictive inequality (the difference between the prediction errors of both classes). On the
other hand, it is also possible to have a solution with the same prediction error for both classes (0%
of predictive inequality), by decreasing the number of correctly classified patients from 1364 to
600. We also generated 12 solutions to quantify the trade-off between the two objective functions
and support the decision making process. By using the pareto front, decision makers can select the
maximum level of accuracy they are willing to sacrifice in order to improve the fairness of the
solution. For example, it is possible to have a 5% of predictive inequality with 91% of accuracy (1361

patients) or 0.1% of predictive inequality with an 85,4% of accuracy (1281 patients).
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Figure 5.3. Pareto front for the lowest-income patients.

5.6.2 Improving Fairness.

Figure 5.4 shows the AUROC performance of the two prediction models. Each point represents the

average and standard deviation of the AUROC score for one repetition of the 10-by-10 cross
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validation process. As can be seen, both models have low levels of variability. This means that their
predictive power is consistent when different data sets are used. Additionally, the difference
between the LASSO and the RF results might indicate that the non-linear component on the
relationships between the variables and the attendance probability is high. Therefore, we use the
result of the RF prediction to quantify the impact of using the mathematical model approach to

improve fairness in the classification.
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Figure 5.4. AUROC standard deviation and average for each model.

Using the results of the RF prediction, we classified all patients in the set s,. Figure 5.5
compares the solutions obtained using the same classification threshold with the solutions
obtained by using the mathematical model. We present the values of both objective functions for
the three definitions of protected class. As an example, consider the case in which the protected
class are the youngest patients. If the 2100 patients with the highest attendance probability are
assigned to Group C (approximately 30% of the set s,), this group would include 1938 correctly
classified patients and a 12% level of predictive inequality (i.e., the difference between the FPRs).

However, if the group assignment decision were to be based on the results of the mathematical

104



Chapter 5
model, it would be possible to correctly classify 2035 show patients while reducing predictive

inequality to 1%.
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Figure 5.5: Impact of the mathematical model.

As can be seen, by using the mathematical model, it is possible to improve the fairness of
the solution without sacrificing accuracy. While the average opportunity inequality (i.e., the
difference between the FNRs) if the k top-ranked patients are assigned to Group A is 13% and 1442
patients are correctly classified, 1451 no-show patients are correctly classified with a 3% predictive
inequality, using the mathematical model. Similarly, for the Group C, the opportunity inequality can
be reduced by 85% (from 8% to 1%) while increasing the number of correctly classified show

patients by 2% (from 1938 to 1948).

From the program management perspective, this means that it is possible to include up to
73% of the no-show patients in a high-cost intervention, covering only 30% of the total population
and having low levels of inequality. The relevance of this result is twofold. On the one hand,
behavioural interventions aimed at increasing cancer screening uptake are more effective when
tailored to patients’ beliefs (Bhochhibhoya et al., 2021; Musa et al., 2017; Noman et al., 2021).
Therefore, being able to accurately predict no-show probabilities can inform intervention design
and increase impact. On the other hand, health psychology constructs such as the perceived
susceptibility or severity of cervical cancer (associated with the adoption of protective health
behaviours), might vary according to the levels of income and the age of the patient (Weng et al.,

2020) in addition to factors (such as educational attainment) identified in the health psychology
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literature but rarely captured in routine health data. By reducing inequality, we are ensuring that

traditionally marginalized groups are proportionally represented in the intervention.

5.7 Concluding remarks

In this paper, we have shown that by following an optimization-based post-processing approach it
is possible to address ML bias while maintaining high levels of accuracy in the algorithmic
classification problem. In contexts where the protected class is under-represented in the data set,
even highly accurate prediction algorithms might map members of the protected class to a different
distribution of the outcome probabilities. Therefore, using the same threshold for both classes
(protected and unprotected) would lead to a different distribution of the prediction errors. By
allowing different thresholds to be used for each class, it is possible to reduce the difference
between the prediction errors and correct the discrimination against the members of a particular
group. These results were consistent across three different definitions of protected class in our case
study and are particularly relevant when ML approaches are being used to inform decisions that

potentially affect members of traditionally discriminated communities.

Additionally, our bi-objective model enables decision makers to understand and quantify
the trade-off between accuracy and group-based fairness that they face on a particular problem.
Further, the post processing approach connects the prediction task with the next step in the
decision-making process. This means that it is possible to model tactical or operational decisions
that will be informed by the predicted probability of the outcome. There are at least two benefits
of this methodology: the possibility of including stakeholders’ knowledge in the design of a decision
support system, and the capacity to avoid the replication of discriminatory patterns on data-driven
planning decisions. This is particularly important where routine administrative data are used in

making such decisions.
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Our work could be extended in a number of ways. Firstly, different definitions of fairness

could be explored. For example, it would be useful to understand the implications of improving
individual fairness in the resource allocation problem. According to Dwork et al. (2012) the
underlying assumption the behind individual fairness is that similar inputs should produce similar
model outputs for everyone. At the same time, considering individual characteristics opens the
discussion about the difference between equity and equality as a possible line of future work.
Secondly, we have formulated and solved a deterministic version of the optimization problem. We
believe this is appropriate due to the low variance of the prediction performance. However,
understanding the impact that variability in the prediction errors might have on the final threshold
selection could improve decision making. Therefore, simulation-optimization approaches and
heuristics to reduce computational effort could be explored. Lastly, more research is needed using
this approach in different problem settings with diverse data characteristics to better understand
the relationship between data characteristics and performance of this technique so that we can

understand when this methodology can be applied for the best gain.
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Chapter 6 Assessing impact: Ongoing work

6.1 Introduction

Health technology assessment (HTA) is a systematic process to evaluate the social, economic,
organizational and ethical issues of a health intervention or technology (World Health Organization,
2019). Since such an evaluation requires multiple sources of uncertainty to be assessed, modelling
approaches have been recognized as a powerful tool to support the decision making process (Briggs
et al., 2004). Brennan, Chick, and Davies (2006) define a model-based evaluation as a formal
quantified comparison, among multiple options, synthesising sources of evidence on costs and
benefits. Although different modelling approaches can be used, at least three main arguments can
be made to support the use of simulation. Firstly, simulation models have the ability to incorporate
the dynamics and complexities of a particular health care system (Marshall, Burgos-Liz, ljzerman,
Osgood, et al. 2015). Secondly, output analysis enables patterns and trends to be used to inform
policy design (Marshall, Burgos-Liz, ljzerman, Crown, et al. 2015). Thirdly, virtual simulation
environments can be used to conduct experiments considered unethical or impracticable in real

settings (Brailsford, Harper, and Sykes 2012).

In this chapter, we discuss how to use simulation to assess the impact of an outreach
program as a preventive care strategy for cervical cancer, among hard-to-reach women in Bogota.
Since high no-show rates for screening appointments are a distinctive feature, we include health-
seeking behaviour in our modelling approach. The intervention is premised on the idea that
educating women regarding cervical cancer risks and scheduling for them a screening appointment,
will increase uptake. Although the program has been functioning since 2017, formal impact
assessment is yet to be conducted. In March 2020, Bogotd’s Mayor declared an emergency status
for the city, and lockdown measures were put in place. Therefore, all preventive healthcare
programs were paused for two years, and resources were assigned to tackle the COVID-19

pandemic. Consequently, at the time of writing, data collection for this model is still in progress.
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We present the current status of this part of the research, including a validated conceptual model,

and discuss future lines of work to support decision making.

6.2 Study context

6.2.1 Cervical cancer

Cervical cancer is the abnormal growth of cells in a woman’s cervix in an uncontrolled way. In 99%
of the cases, this disease is linked to the infection with high-risk or oncogenic human
papillomaviruses (HPV), the most common sexually transmitted infection (World Health
Organizaciéon.WHO, n.d., 2020). Although most cases of HPV resolve spontaneously, the persistent
infection might lead to a precancerous lesion called cervical intraepithelial neoplasia (CIN). When
detected, CINs are classified into 3 levels depending on how much tissue looks abnormal: CIN1
(mild), CIN2 (moderate), and CIN3 (severe) (American Cancer Society, n.d.). Most patients will not
need a treatment for a CIN; however, CIN2 and CIN3 can turn into invasive cancers. It takes between
15 to 20 years for cervical cancer to develop in a woman with a normal immune systems and
between 5 to 10 years if the immune system is compromised (American Cancer Society, n.d.).
Therefore, this disease is preventable and it is curable if detected early and treated (World Health

Organizacion.WHO, 2020).

Although the overall Age Standardized Incidence Rate (ASIR) for cervical cancer, per 100,000
women is 13.1, it ranges from 6.0 in Australia and New Zealand to 40.1 in Eastern Africa (Arbyn et
al., 2020). Further, in 2018, around 84% of the cases and 88% of cervical cancer deaths occurred in
low and middle-income countries (LMICs). However, there is no indication that the higher rates of
incidence and mortality among LMICs are attributable to differences in the infection rates of
oncogenic HPV types (World Health Organizacion.WHO, 2020). In fact, both incidence and mortality

rates are associated with poverty, limited health education and barriers accessing health services
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(Amin et al., 2020; Tatari et al., 2020; X. Zhang et al., 2021). This scenario is particularly concerning
as the COVID-19 pandemic increased screening disparities (Wentzensen et al., 2021) and the cancer
burden is expected to increase in the next 10 years in some regions such as Latin America (Pifieros

etal., 2022).

In this context, the Word Health Organization launched a strategy aimed at achieving an
ASIR lower than 4 per 100,000 women. This would imply the elimination of cervical cancer as a
public health problem, and is based on three pillars: HPV vaccination, screening, and treatment of
precancerous lesions. By 2030, the goal is to reach 90% of vaccine coverage by the age of 15, 70%
of women screened with a high-performance test and 90% of women with precancer treated.
Nevertheless, while in high income countries the implementation of screening and vaccination
programs has been successful, for many LMICs it still represents a major challenge (Vale et al.,
2021). It has been found that this can be explained by the existence of cultural factors acting as
deterrents for the adoption of preventive care behaviours, among others (Barrera Ferro et al., 2022;
Liebermann et al., 2018).

6.2.2 Cervical cancer prevention in Bogota, Colombia.

In Colombia, cervical cancer control strategy is focused on early detection through screening.
Although the HPV vaccine is included in the free national immunization program, the coverage
remains low (Vorsters et al., 2020). Therefore, prevention relies on Pap smear tests following a 1-
1-3 scheme (Resolution 603280, 2018; Torrado-Garcia et al., 2020). This means that women should
undergo annual cytology tests, and then change to a three-year interval after two consecutive
negative results. Women between 25 (or younger in the presence of some risk factors) and 65 years
old are eligible and screening is included in the national health insurance scheme, hence no out-of-
pocket payment is required (Bermedo-Carrasco et al., 2015). Nevertheless, different authors have
reported quality problems with the cytology tests (Cendales et al., 2010; Murillo et al., 2011) and
access inequalities for women living under conditions of poverty, in rural areas, or with low
education levels (Hernandez Vargas et al., 2020, 2021). In this context, recent legislation has

adopted the Human Papilloma Virus (HPV) test for women between 30 and 65 years old as
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screening strategy (Resolution 603280, 2018). The gradual implementation of this new guideline
should have started in 2019 and was expected to improve cancer control (Vorsters et al., 2020).
However, the National Ministry of Health assessed and identified operational and logistical barriers
for the piloting phase and delayed its beginning to 2020 (Resolution 276, 2019). At the time of

writing, we were not able to find any consolidated report about the HPV test piloting in the country.

In Bogot4d, as part of a preventive-care strategy called Acciones Colectivas en Salud (ACS),
the District Secretariat of Health (Secretaria Distrital de Salud, SDS) instituted a program to increase
cervical cancer cytology uptake among hard-to-reach low-income women. Under this program, a
group of community workers visit women who are overdue for screening, conduct basic training in
cervical cancer risks and schedule a cytology appointment for them at the nearest healthcare
facility. However, although patients value the contact with the community workers and find the
visits informative, there is a lack of coordination between home visits and screening appointments
teams. A great effort is made by the home visits team to reach patients who need screening, but
even when these patients are willing to take part in the screening program, they find it hard to
navigate the service delivery process and face barriers accessing the health system. Consequently,

over the last years no-show rates have reached levels of 46% (Barrera Ferro et al., 2022).

Figure 6.1 is a graphical representation of the care pathway for cervical cancer in Bogota.
For management purposes, the city is divided into four clusters with independent resources. In each
cluster, a nurse oversees the service delivery process. Figure 6.1 was drawn in consultation with
team leaders at each cluster and ACS program managers at SDS. As can be seen, the activities can
be grouped into four phases. Firstly, hard-to-reach women are contacted by the ACS team.
Community workers visit patients at their homes, provide basic training on cervical cancer risks and
schedule for them a cytology appointment, at the nearest healthcare facility. The objective of this

phase is to increase screening uptake. Then, in the second phase, patients are expected to undergo
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sample collection and obtain their results after 3 days. If the cytology shows an abnormal growth
of cells, the patient is contacted by phone to collect her results and attend a colposcopy
appointment, this is phase three of the process. During this appointment, a course of treatment is
decided. Some patients will be treated during the appointment and start disease management. If
required, a biopsy is conducted and after having diagnosis confirmation the patient is referred to

oncology services. Cancer treatment is the last phase of the process.

6.3 Simulation model: work in progress

The objective of this model is to assess the impact of ACS. The program is premised on the idea that
basic education on cervical cancer risks has the potential to increase screening attendance levels.
Hence, we aim at quantifying the changes in the number of early diagnosed and treated patients,
due to the home-visits educational intervention. At the same time, the model will be used to
understand the potential impact of other behavioural interventions or changes in the screening
program. For example, it has been found that increased perceived severity of cervical cancer and
long lead times might act as a deterrent for screening uptake in Bogotd (Barrera Ferro et al., 2022).
Therefore, the model outputs can be used to assess cost effectiveness and improve resource

allocation.

Agent Based Simulation (ABS) enables the long-term progression of a disease to be modelled
in order to assess the impact of potential interventions (Veloso, 2013). According to Li et al. (2016),
this feature overcomes the main limitation of Markov model-based evaluations. Further, using ABS
modelling, it is possible to relate individual behaviours to the patterns of the system (Utomo et al.,
2022). Therefore, this approach can be used to determine how small changes in individual
behaviour may influence population-level health-outputs (Currie et al., 2020). Applications include
the evaluation of screening policies for diabetic retinopathy (Day et al., 2013) and the early-stage

cancer interactions with the immune system (Figueredo et al., 2014), among others.
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Figure 6.1: Care pathway for cervical cancer in Bogota
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We model evolution of a cohort of hard-to-reach patients in Bogotd. For ACS, SDS considers

a woman to be hard-to-reach if despite being eligible, she has not undergone a Pap smear test over
the last year. Additionally, to prioritize resource allocation for social programs, SDS uses a nation-
wide adopted scoring system that classifies low-income citizens into four categories. The SISBEN3
score ranges from 0 (extreme poverty) to 100 (wealthy) and is computed using self-reported
information related to health, education, and housing, among others (Departamento Nacional de
Planeacion, n.d.). ACS covers approximately 18% of the population with the lowest SISBEN score

(Secretaria Distrital de Planeacion, 2018).

Figure 6.2 represents the progression of the disease. All patients are assumed to start in a
healthy state. They could either remain healthy or get infected with HPV. In most cases, infected
patients will return to a healthy state without receiving any medical intervention. However, some
infections will progress to develop a CIN1 lesion. Transitions from a precancerous-lesion state
(CIN1, CIN2, or CIN3) follow the same logic: If the patient attends the screening appointment, the
lesion can be detected and treated. In that case, the patient will return to a healthy status. However,
some diagnosed patients will refuse treatment and the disease could progress to the next status. If
the patient decides not to undergo screening, the disease will remain undetected and could
progress to the next state or resolve by itself. Lastly, for some CIN3 patients, the disease will
progress to an invasive cancer. Cancer can also be detected during routine screening and

consequently be treated.

3 |dentification System of Potential Beneficiaries of Social Programs (Sistema de Identificacién de Potenciales
Beneficiarios de Programas Sociales)
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Figure 6.2: Cervical cancer progression

At any given stage of the disease, the probability of accessing treatment depends on the
screening state. Figure 6.3 presents the transitions between screening states, in a 1-1-3 scheme. All
women are assumed to start as eligible. If the patient attends the first screening appointment, her
state changes to screened (1). Otherwise, she remains eligible. From screened (1), all patients
attending a second (consecutive) screening appointment change to screened (2). However, if a
patient misses the second appointment, she becomes eligible for screening again. After two
consecutive attended screening appointments, the patient becomes ineligible for a three-year
period. After that, her status change to eligible 2 and should be screened again. If she attends, her
state changes to screened (3) and becomes ineligible again. In this context, the no-show behaviour

needs to be modelled. It is possible to have accurate predictions of the individual no-show
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probability using the age of the patient, her income level, and the appointment lead time (Barrera

Ferro et al., 2022).

No- show

[ Eligible

Shﬂwl TND- show

Screened ()

Screened )

Ineligible

3 years
No- show

Eligible 2

Shcwl

Screened 4

Figure 6.3: Screening states for a patient

At the time of writing, the next stages of model development are in progress. Although the
model logic has been reviewed with program managers and two experts in gynaecological
oncology, a computer model has not yet been developed. Databases of screening appointments
attendance, after the COVID-19 pandemic, are being consolidated by ACS program managers. The
idea is to look for possible changes in the no-show patterns identified by Barrera Ferro et al. (2022).
Additionally, data about HPV, CIN and cancer incidence and mortality among hard-to-reach women
in Bogota are being consolidated by the insurance company. Lastly, SDS started a pilot to implement
HPV-based screening in the city. Information about attendance, acceptability and resource
consumption is being recorded. All data sources are expected to be available for this research by
December 2022. The plan is to develop and verify the computer model in parallel with these final

stages of data collection, so that validation and experimentation can start early in 2023.
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6.4 What if scenarios

The conceptual model presented in this chapter will be used as a baseline to understand the
potential impact of changes in the screening program in Bogota. SDS is interested in examining the

following areas:

Self-sampling. Different studies have found that self-sampling increases cervical cancer
screening coverage among hard-to-reach women. Therefore, it would be possible to offer a sample
collection with during the home visit, particularly for those women with a higher no-show
probability. An economic evaluation of the strategy is required. The results will inform discussions
around the number and characteristics of the patients that will be offered self-sampling as an

alternative.

HPV testing. Cytology-based screening is set to be replaced by HPV testing in Colombia.
Therefore, the screening scheme will change from a 1-1-3 scheme to a one HPV test every 5 years.
However, due to capacity constraints, is highly likely that both types of screening will work for the
next years to come. Therefore, it is important to generate insights about how the system will

respond to different goals of implementation of the HPV test in Bogota.

Assessing the impact of behavioural interventions. It has been found that education
campaigns could increase perceived susceptibility or decrease perceived severity of cervical cancer
among hard to reach women. In this context, resource allocation can be informed by an assessment
of the possible impact of such interventions. The model results can be used to conduct economic

evaluation.
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Chapter 7 Conclusions and future work

This section starts with an overview of the thesis, the research topic, methods, and case study are
presented. The main contributions then follow, we summarize what each paper adds to the body

of research in the field. Finally, we discuss some limitations and lines for future work.

7.1 Overview

This thesis has studied no-show behaviour for medical appointments, and it is structured as a
Research Paper PhD. We have used administrative health records and collected both qualitative
and quantitative data. Our analytical approach comprises the use of logistic regression, machine
learning algorithms and optimization as well as content analysis, for the qualitative component.
Four papers have been written and are presented in Chapters 2, 3, 4 and 5. Three of these papers
have been published and the other one is under review. Although each paper addresses a different
aspect of the problem, when linked, they can be used to support planning decisions and ultimately,

improve health outcomes.

The case study is a preventive care program designed to overcome access barriers affecting
low-income patients in Bogota, Colombia. Therefore, throughout the study we have worked in close
collaboration with different teams of program managers, operational analysts, community workers
and healthcare professionals from the local health authority (SDS). We have met with SDS regularly,
both online during the pandemic and in person, for the past four years. Our results have informed
discussions around the design of the cervical cancer pathway in the city and have opened new
research questions. At the time of writing, new projects on breast cancer screening and treatment
adherence among patients living with chronic diseases are being considered for funding in

collaboration with SDS.
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7.2 Main contributions

In the first paper, we have assessed the effectiveness of machine learning algorithms to improve
accuracy of the regression models, for no-show prediction. Using routinely-collected administrative
data, we were able to generate good predictions of individual no-show probabilities. Then, given
the added value of using Neural Networks (in terms of AUROC score), we implemented Layer-wise
Relevance Propagation (LRP) in a novel context to generate trust in its prediction. Lastly, we
identified both patients and appointment characteristics associated with lower attendance
probabilities. For program managers, this result highlighted the need for developing targeted

behavioural interventions and reviewing the capacity management practices in the program.

In the second paper, we have shown the benefits of combining machine learning, with an in-
depth qualitative methodology to understand no-show behaviour. Our mixed-methods approach
was designed to explore, and potentially explain, the results from the quantitative analysis. This is
particularly relevant in contexts where the quantitative available data is collected with
administrative purposes, as it is often the case in health services research. Using the inductive
coding of 60 interviews and two literature searchers, we proposed a Health Beliefs Model-based
conceptual framework to analyse qualitative data related to attendance behaviour in medical
appointments. From the application point of view, our findings indicated an urgent need to address
the lack of alignment between the different phases of the cervical cancer screening program in

Bogota.

In the third paper, we have validated the use of the Health Beliefs Model to explain and
predict no-show behaviour for cervical cancer screening appointments, among low-income hard-
to-reach women in Bogotd. Using a 37-item survey, we were able to quantify the relationship
between the no-show probability and each of four constructs of the model: susceptibility, severity,

benefits, and barriers. We found that, by exploiting a combination of routinely-collected data and

120



Chapter 7
a sample-based beliefs assessment, it is possible to improve the accuracy of the no-show prediction.
Therefore, the proposed methodological approach has the potential to improve the cost-
effectiveness of behavioural interventions for healthcare attendance in any setting. According to
our results, in Bogota interventions for younger women living under extreme poverty conditions

should be prioritized.

In the fourth paper, we have proposed a novel optimization-based post-processing approach
to address ML bias in the algorithmic classification problem. Particularly, we studied the notion of
group-based fairness to ensure that individuals will not be discriminated on the basis of their
group’s protected characteristics. Our integer programming model optimizes two objective
functions. On the one hand, we maximize accuracy, measured as the total number of correctly
classified cases. On the other hand, we minimize the maximum difference between the prediction
error rates. We found that, by allowing different thresholds to be used for each class, it is possible
to reduce the difference between the prediction errors and correct the discrimination against the
members of a particular group while maintaining high levels of accuracy. Additionally, our solution
approach allows decision makers to quantify the trade-offs between the two objective functions
and assess the maximum level of accuracy they are willing to sacrifice to improve fairness of the

classification.

7.3 Limitations

We acknowledge several limitations of this research:

e The data we have used to train the prediction models was collected for
administrative purposes. Therefore, we did not have access to some variables that
have been found to be good predictors of attendance.

e Data collection was aimed at assessing no-show probabilities of cervical cancer

appointments for hard-to-reach women in Bogotd. Therefore, sampling among ACS
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participants is considered to be a good strategy. However, we are not able to draw
conclusions about other relevant groups in the city.

Primary data collection was carried out between July 2019 and February 2020. In
Bogotd, the first confirmed case of COVID-19 was reported in March 2020 and
restrictions on social distance were adopted two weeks later. It is not possible to
draw any conclusions on how the (widely available) information on the virus may
subsequently have affected the health-seeking behaviours of our study population.
It is possible that new attendance patterns have emerged after the pandemic.
Therefore, it is important to collect new data and train the prediction models to
check the validity of the results in this new scenario. However, the methods and
models can be easily adapted.

The methods we have discussed are widely applicable and no-show behaviour is a
problem beyond low-income settings. However, the insights we have generated
from SDS data cannot be translated to other contexts. Therefore, further research
studying different health seeking behaviours or other settings could use our
modelling approach to inform public policy and intervention design.

The model presented in Chapter 5 solves the deterministic version of the problem.
However, understanding the impact that variability in the prediction errors might
have on the final threshold selection could improve decision making.

Updating the developed models requires computational skills; this might present a
problem with the implementation. We are currently applying for funding to develop
web-based tools that can be used for the daily operation of the program. We aim at

building a set of tools that can be easily adopted by SDS managers.
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e Using the models and interpreting the results might require basic OR knowledge.
Through the research process, questions around possible mechanisms to develop
basic OR skills among SDS managers were discussed. This was identified as a first step
towards consolidating the adoption of OR models within SDS. At the time of writing,

an international Healthcare OR school is being planned. The school will be held at

Pontificia Universidad Javeriana and SDS will enrol 10 managers.

7.4 Future work.

In Chapter 6 we have discussed our plans to conduct a formal impact assessment of ACS in cervical
cancer diagnosis. Since model-based evaluation allows multiple sources of uncertainty to be
assessed, we proposed a simulation approach. This is an ongoing work, and the results will allow

SDS to evaluate potential changes on the care pathway in Bogota.

Our results have highlighted the need for a change in capacity management practices. At
present, SDS aims at offering a screening appointment withing 3 days after the home visit. However,
lead-times can even be longer than 39 days. This is problematic as long lead-times not only decrease
attendance but also increase perceived barriers. In this context, it is important to understand how
different distributions of the lead-time might impact the number of early detected and treated
cases. Therefore, we believe there is an opportunity to include patient behaviour in the tactical and

operational models for outpatient services, such ACS.

Our approach to reduce ML bias has proved to be effective for the studied context. However,
further research is needed using this approach in different problem settings. The idea is to better
understand the relationship between data characteristics and performance of this technique, so

that we can conclude when this methodology can be applied for the best gain.
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Appendix A Interview guide (Supplement to Chapter 3)

Question 1: Could you describe your experience using health services, over the last three years?
Question 2: On (insert date) a community worker visited your home. Could you describe the visit?
Question 3: Do you think is important having a cervical cytology? Why?

Question 4: According to our records, you did not attend the cytology appointment that was

scheduled on (insert date). Could you tell me why?

Question 5: In your opinion, which other reasons could prevent a patient to keep her cytology

appointment?

Question 6: Have any of your close friends or relatives had a cytology? If so, what have they told

you about this experience?

Question 7: During the home visit, did the community worker discussed with you the importance

of having a cytology? Do you remember what did she/he tell you?
Question 8: What do think it can be done to increase cytology uptake?

Question 9: Is there anything else you want to tell me about the experience of having a cervical

cytology?
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First order categories

Analytical framework (Supplement to Chapter 3)

Second order First order

Description

Barriers Access

Service delivery

Personal

o A W N

O 00 N O

11

12
13
14
15

16
17
18

Financial stress

Inconvenient appointment slots
Long lead times

Geographical access

Work Commitments

Bad experiences with service delivery
Bad experiences with home visit
Communication

Dismissive staff

Lack of flexibility in service delivery

Lack of information during the home
visit

Multiple appointments

Poor care quality

Prefers to use other care

Process design

Family care
Forgetfulness

Health issues

Economic constrains such as out-out-pocket payments.

Patient finds it difficult to attend an appointment on the available slots.

The time elapsed between the appointment scheduling and the actual appointment date is too long.
Patients finds it difficult to reach the appointment facility location.

Work obligations make it difficult to attend medical appointments.

Prior negative experiences while using healthcare services.

Negative experiences during ACS home visits.

Confusing or absent information about appointments or exams.

Rude or disrespectful behaviours from health care providers.

Incapability to adapt or modify the service delivery process according to the patient’s needs.

Incomplete or confusing information, during home, about the exam or the service delivery.

Patient has multiple appointments to attend at the same day.
Patients perceive a low quality in the health services.
Patients attend to other medical service or types of healthcare approaches.

Challenges related to the steps or requirements to book or attend an appointment.

Demands on women's time including child-care and housework.
Patients forget the appointment.

The patient is experiencing health problems and decided not to attend.
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First order

Description

Barriers

Benefits

Susceptibility

Protective behaviour

Protective Behaviour

Service delivery

19
20
21
22
23
24

25
26

27
28
29
30
31

32
33
34
35
36

37
38
39
40

Lack of network support
Language

Migration

Other priorities

Religion

Travel

Anxiety

Non-compliance with requirements

Discomfort

Embarrassment

Gender of the health provider
Pain

Peer influence

Cancer diagnosis

Health

Lack of perceived benefits
Lack of knowledge

Screening program

Satisfaction (home visit)
Satisfaction (service delivery)
Perceived susceptibility

Denial

Women do not have the support of their partner or family to carry out the exam.
Inability to communicate effectively due to lack of fluency in the language.
Patients move to another city or country.

Women decided to prioritize another task over the appointment.

Religious beliefs prevent them from attending the exam.

Patient was traveling at the appointment’s date.

Feelings of anxiety towards the procedure.

Failure to comply with the requirements for screening (i.e., having had sexual intercourses on the
last 24 hours).
Perception that the screening procedure is uncomfortable.

Feelings of embarrassment about the cervical examination.
Women's preferences regarding the gender of the health care provider.
Perception that the screening procedure is painful.

Experiences of friends or peers influences the preferences for screening.

Recognition of the possibility of diagnosing cancer.
Belief that screening is beneficial for health.

Patient does not perceive benefits on screening participation.

Patient does not know what screening is, why is important or have received misleading information.

Patient does not have information about the screening program.

Patient satisfaction with the home visit.
Patient satisfaction with the healthcare service delivery.
Patient perception of her own risk of developing cervical cancer.

Patients deny they might need medical attention.
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First order

Description

Severity

41
42
43
44

Fear of a bad result
Fear of side effects
Only uses emergency care

Severity of the consequences

Fear of the outcome of the test.

Fear of experiencing undesirable and unintended effects of the test.

Lack of familiarity with preventative health and tendency to seek health services only whenill.

Patient perceives that the consequences of developing cervical cancer are severe.
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(Alanazy et al., 2019; Magadzire et al., 2017)

(Jefferson et al., 2019; Minick et al., 2018; Touch & Berg, 2016)

(Alanazy et al., 2019; Ballantyne et al., 2019; Chamberlin et al.,
2021; DuMontier et al., 2013; Feitsma et al., 2012; Heaman et al.,
2015; Klatte et al., 2019; Magadzire et al., 2017; Ofei-Dodoo et al.,
2019; Poll et al., 2017; Saleh et al., 2021; Sheppard et al., 2013;
Sinclair & Alexander, 2012; Touch & Berg, 2016; Wolf et al., 2020;
M. Yang et al., 2020)

(Alderson et al., 2021; Ballantyne et al., 2019; Cibulka et al., 2012;
Copeland et al., 2017; DuMontier et al., 2013; Fagerstad et al.,
2019; Feitsma et al., 2012; French et al., 2017; Gashu et al., 2021;
Heaman et al., 2015; Hussain-Gambles et al., 2004; Lam et al.,
2016; Magadzire et al., 2017; Ofei-Dodoo et al., 2019; Strutton et
al., 2016; Touch & Berg, 2016)

(Ballantyne et al., 2019; Britton & Robinson, 2016; Cameron et al.,

2014; Chamberlin et al., 2021; Denberg et al., 2005; Feitsma et al.,
2012; Gashu et al., 2021; Klatte et al., 2019; Llovet et al., 2018;
Ofei-Dodoo et al., 2019; Poll et al., 2017; Touch & Berg, 2016; M.
Yang et al., 2020)

(Kue et al., 2020; Onyenwenyi & McHunu, 2018)

(Christie-de Jong & Reilly, 2020; Gu et al., 2018; Onyenwenyi &
McHunu, 2018; Vahabi & Lofters, 2016; Vasudevan et al., 2020)

(Logan & Mcllifatrick, 2011; Rasul et al., 2016; L. P. Wong et al.,
2008)
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Second order First order No-Show behaviour studies Cervical cancer screening studies

19 Lack of network support (Gashu et al., 2021; Gombe et al., 2020; Heaman et al., 2015; Minick
et al., 2018; Poll et al., 2017; Smith-Miller et al., 2020; Topuzoglu et

al., 2007; Zanardelli & Robinson, 2019)

(Adedimeji et al., 2021; Greibe Andersen et al., 2020; Modibbo et
al., 2016; Munthali et al., 2015; Oketch et al., 2019; Onyenwenyi
& McHunu, 2018; Vasudevan et al., 2020)

20 Language (Wolf et al., 2020) (Kue et al., 2020; Raymond et al., 2014; Vahabi & Lofters, 2016; Y.

Zhang et al., 2017)

21  Migration (Wolf et al., 2020) -

22 Other priorities (Ballantyne et al., 2019; Cameron et al., 2014; Cibulka et al., 2012; -

Copeland et al., 2017; Denberg et al., 2005; Martin et al., 2005; Poll

etal., 2017)

23 Religion (Alanazy et al., 2019; Cavallaro et al., 2018; Gombe et al., 2020; (Rasul et al., 2016; Raymond et al., 2014)
Rossell et al., 2017)

24 Travel (Chamberlin et al., 2021; DuMontier et al.,, 2013; Gombe et al., -

2020)

Barriers Protective behaviour

25 Anxiety (Akre et al., 2010; Britton & Robinson, 2016; Denberg et al., 2005; -
DuMontier et al., 2013; Strutton et al., 2016)
26 Non-compliance with requirements Inductive category* Inductive category*
27 Discomfort (Fagerstad et al., 2019) -
28 Embarrassment - (Adewumi et al., 2021; Binka et al., 2019; Borrull-Guardefio et al.,

2021; Christie-de Jong & Reilly, 2020; Greibe Andersen et al., 2020;
Hasahya et al., 2016; Kue et al., 2020; Logan & Mcllfatrick, 2011;
Matenge & Mash, 2018; Ogunsiji et al., 2013; Rasul et al., 2016;
Sadler et al., 2013; L. P. Wong et al., 2008)
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Second order First order

No-Show behaviour studies

Cervical cancer screening studies

29 Gender of the health provider

30 Pain

31 Peerinfluence

Benefits Protective Behaviour
32 Cancer diagnosis
33 Health

34  Lack of perceived benefits

35 Lack of knowledge

(Alanazy et al., 2019; Fagerstad et al., 2019; Heaman et al., 2015;
Topuzoglu et al., 2007)

Inductive category*
Inductive category*

(Alanazy et al., 2019; Cameron et al., 2014; Campbell et al., 2015;
Copeland et al., 2017; Dahl et al., 2018; Eades & Alexander, 2019;
Hussain-Gambles et al., 2004; Leijdesdorff et al., 2021; Pegon-
Machat et al., 2009; Poll et al., 2017; Schwennesen et al., 2016;
Sheppard et al., 2013; Topuzoglu et al., 2007)

(Adewumi et al., 2021; Binka et al., 2019; Gu et al., 2018; Hasahya
et al.,, 2016; Logan & Mcllfatrick, 2011; Malhotra et al., 2016;
Mkhonta & Shirinde, 2021; Modibbo et al., 2016; Munthali et al.,
2015; Oketch et al., 2019; Onyenwenyi & McHunu, 2018; Vahabi &
Lofters, 2016; Vasudevan et al., 2020; L. P. Wong et al., 2008)

(Adewumi et al., 2021; Binka et al., 2019; Busingye et al., 2012;
Curmi et al., 2016; Hasahya et al., 2016; Logan & Mcllfatrick, 2011;
Malhotra et al., 2016; Matenge & Mash, 2018; Ogunsiji et al., 2013;
Oketch et al., 2019; Sadler et al., 2013; L. P. Wong et al., 2008)

(Greibe Andersen et al., 2020; Rasul et al., 2016)

Inductive category*
Inductive category*

(Adedimeji et al., 2021; Borrull-Guardefio et al., 2021; Busingye et
al., 2012; Curmi et al., 2016; Laranjeira, 2013; H. Lee et al., 2019;
Malhotra et al., 2016; Matenge & Mash, 2018; Ogunsiji et al., 2013;
Sadler et al., 2013; L. P. Wong et al., 2008)

(Adedimeji et al., 2021; Adewumi et al., 2021; Binka et al., 2019;
Borrull-Guardefio et al., 2021; Brandt et al., 2019; Busingye et al.,
2012; Christie-de Jong & Reilly, 2020; Curmi et al., 2016; Filade et
al., 2017; Greibe Andersen et al., 2020; Hasahya et al., 2016; Kue
et al.,, 2020; Laranjeira, 2013; H. Lee et al.,, 2019; Logan &
Mcllfatrick, 2011; Matenge & Mash, 2018; Modibbo et al., 2016;
Munthali et al.,, 2015; Ogunsiji et al., 2013; Rasul et al., 2016;
Raymond et al., 2014; Roux et al., 2021; Sadler et al., 2013;
Schoenberg et al., 2013; Vahabi & Lofters, 2016; L. P. Wong et al.,
2009)
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Second order First order No-Show behaviour studies Cervical cancer screening studies
36 Screening program Inductive category* Inductive category*
Benefits Service delivery
37 Satisfaction (home visit) Inductive category* Inductive category*
38 Satisfaction (service delivery) Inductive category* Inductive category*
Susceptibility 39 Perceived susceptibility - (Adedimeji et al., 2021; Filade et al.,, 2017; Laranjeira, 2013;
Ogunsiji et al., 2013; Oketch et al., 2019; Schoenberg et al., 2013)
40 Denial (Gellasch, 2019; Llovet et al., 2018) -
Severity 41  Fear of a bad result (Bollinger et al., 2011; Campbell et al., 2015; Dahl et al., 2018; Freed (Adewumi et al., 2021; Binka et al., 2019; Borrull-Guardefio et al.,
et al.,, 2013; Llovet et al.,, 2018; Sheppard et al., 2013; Sinclair & 2021; Christie-de Jong & Reilly, 2020; Hasahya et al., 2016; Kue et
Alexander, 2012; Strutton et al., 2016) al., 2020; Malhotra et al., 2016; Modibbo et al., 2016; Onyenwenyi
& McHunu, 2018; Rasul et al., 2016; Vahabi & Lofters, 2016;
Vasudevan et al., 2020; L. P. Wong et al., 2008)
42  Fear of side effects - (Busingye et al., 2012; Hasahya et al., 2016; Modibbo et al., 2016)
43 Only uses emergency care (Alanazy et al., 2019; Dahl et al., 2018) -
44  Severity of the consequences (Eades & Alexander, 2019; Gombe et al., 2020; Saleh et al.,, 2021; (Adewumi et al., 2021; Binka et al., 2019; Brandt et al., 2019;

Schwennesen et al., 2016)

Christie-de Jong & Reilly, 2020; Filade et al., 2017; Greibe Andersen
et al., 2020; Hasahya et al., 2016; Matenge & Mash, 2018; Oketch
et al., 2019; Rasul et al., 2016; Raymond et al., 2014; Roux et al.,
2021; Vahabi & Lofters, 2016; Vasudevan et al., 2020; L. P. Wong
et al., 2008, 2009)

135



Appendix C  Descriptive statistics of the data sets
(Supplement to Chapter 4)
Data set 1 (n=1699) Data set 2 (n=23370)
Variable
Show  No-show  No-show (%) Show No-show No-show (%)
Age
<30 230 123 7% 1370 1458 6%
[30,39] 202 141 8% 2762 2041 9%
[40,49] 232 144 8% 3824 2395 10%
[50,59] 242 146 9% 3981 1794 8%
>59 158 51 3% 2672 1073 5%
Poverty
High 149 128 8% 1325 907 4%
Medium 677 345 20% 9750 6056 26%
Low 238 132 8% 3534 1798 8%
Leadtime
<=3 112 62 4% 599 356 2%
[4,7] 168 99 6% 1617 1009 4%
[8,15] 270 115 7% 4019 2194 9%
>=16 514 329 19% 8374 5202 22%
Month
January 29 21 1% 1233 694 3%
February 648 315 19% 1197 751 3%
March 387 269 16% 1218 752 3%
April 1093 659 3%
May 1169 692 3%
June 1245 779 3%
July 1227 735 3%
August 1239 754 3%
September 1259 720 3%
October 1255 747 3%
November 1290 750 3%
December 1184 728 3%
Day
Monday 20 11 1% 2150 1259 5%
Tuesday 162 90 5% 3020 1756 8%
Wednesday 224 130 8% 2712 1591 7%
Thursday 202 102 6% 2638 1456 6%
Friday 197 114 7% 2666 1681 7%
Saturday 175 108 6% 1250 968 4%
Sunday 84 50 3% 173 50 0%
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Appendix D  Instrument validation (Supplement to

Chapter 4)

First, we present the results of the principal component analysis (the Kaiser Mayer Olkin
test result is 0.86 and the p-value for Bartlett’s test is below 0.001). Nine components are identified
with an eigenvalue greater than one, accounting for 57.7% of the variability. While no item has a
loading value greater than 0.3 outside the intended category, five items did not meet the criteria
for inclusion in any of the components (25, 26, 27, 30 and 31). All these items belong to the Barriers
category of the instrument. Finally, for three categories, more than one component can be
identified: Severity (two components), Benefits (two components) and Barriers (three
components). As can be seen in the following Table, the three Barriers components explain 30% of

the variability.

Component Category Statement Eigenvalue Proportion*

1 Susceptibility 1,2,3,4 2.05 5.5%
2 Severity 5,6,7 2.57 6.9%
3 Severity 8,9, 10,11 1.08 2.9%
4 Benefits 12,13,14,15 1.54 4.2%
5 Benefits 16,17, 18, 19 1.42 3.8%
6 Motivation 20, 21, 22 1.22 3.3%
7 Barriers 23,24 1.48 4.0%
8 Barriers 28,29, 32 3.82 10.3%
9 Barriers 34, 35, 36, 37 6.16 16.7%

*Proportion of the variability explained by each component
Then, we discuss the results for the item reliability tests. For each statement, mean, standard
deviation, coefficient of variation, correlation with the other items in the same category and
Cronbach’s alpha coefficient (if the item is deleted) are provided. On the one hand, statements in
the Barriers category have the highest average variability. Coefficients of variation for this category
range from 0.63 to 0.83, with an average of 0.76. Items 25, 27, 30, 31, 34 and 35 have coefficients
of variation above 0.8. On the other hand, the perceived benefits are more similar among the

participants. Coefficients of variation for this category range from 0.19 to 0.36, with an average of
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0.24. Additionally, items 13 and 15 have coefficients of variation below 0.2. Average coefficients of

variation for susceptibility, severity and motivation are 0.65, 0.44 and 0.51, respectively.

Category No.  Statement Mean SD Mean/SD Correlation* Alpha
Susceptibility 1 It is likely that | will get 3.47 1.83 0.53 0.57 0.73
cervical cancer in the
future
Susceptibility 2 My chances of getting 2.72 1.83 0.67 0.66 0.68

cervical cancer in the next
few years are high

Susceptibility 3 | feel | will get cervical 2.78 1.84 0.66 0.63 0.7
cancer sometime during
my life

Susceptibility 4 | feel | will get cervical 2.45 1.82 0.74 0.47 0.78

cancer sometime during
my life because | have
family history of cancer

Severity 5 The thought of cervical 4.26 1.46 0.34 0.57 0.68
cancer scares me

Severity 6 When | think about 4.25 1.44 0.34 0.61 0.67
cervical cancer, | feel
worried

Severity 7 I am afraid to think about 4.32 1.41 0.33 0.62 0.67
of cervical cancer

Severity 8 Problems | would 3.54 1.72 0.49 0.44 0.71

experience with cervical
cancer would last a long
time
Severity 9 Cervical cancer would 2.99 1.83 0.61 0.32 0.74
threaten a relationship
with my husband,
boyfriend, or partner

Severity 10 If | had cervical cancer my 4.14 1.55 0.37 0.38 0.72
whole life would change
Severity 11 If | developed cervical 2.83 1.75 0.62 0.31 0.74

cancer, | would not live
longer than 5 years

Benefits 12 | want to discover health 4.59 1.15 0.25 0.39 0.7
problems early

Benefits 13 Maintaining good healthis  4.76 0.88 0.19 0.51 0.68
extremely important to
me

Benefits 14 I look for new information  4.38 1.32 0.3 0.4 0.7
to improve my health

Benefits 15 | feel it is important to 4.75 0.89 0.19 0.54 0.67

carry out activities which
will improve my health
Benefits 16 Having regular Pap smear 4.67 0.98 0.21 0.46 0.69
tests will help to find
changes to the cervix,
before they turn into
cancer

Benefits 17 If cervical cancer was 4.11 1.48 0.36 0.34 0.73
found at a regular Pap
smear test its treatment
would not be so bad

Benefits 18 I think that having a 4.66 1.02 0.22 0.46 0.69
regular Pap smear test is
the best way for cervical
cancer to be diagnosed
early

139



Category No.  Statement Mean SD Mean/SD Correlation* Alpha

Benefits 19 Having regular Pap smear 4.52 1.21 0.27 0.35 0.71
tests will decrease my
chances of dying from
cervical cancer

Motivation 20 | eat well-balanced meals 4.04 1.59 0.39 0.43 0.53
for my health

Motivation 21 | exercise at least 3 times 3.06 1.84 0.6 0.46 0.48
a week for my health

Motivation 22 | have regular health 3.45 1.83 0.53 0.4 0.56
check-ups even when | am
not sick

Barriers 23 | am afraid to have a Pap 2.66 1.85 0.7 0.42 0.88
smear test for fear of a
bad result

Barriers 24 | am afraid to have a Pap 2.59 1.86 0.72 0.48 0.88

smear test because | don’t
know what will happen

Barriers 25 I don’t know where to go 2.08 1.7 0.81 0.5 0.87
for a Pap smear test
Barriers 26 | would be ashamed to lie 2.39 1.82 0.76 0.55 0.87

on a gynaecologic
examination table

Barriers 27 Undergoing a Pap smear 191 1.55 0.81 0.62 0.87
test takes too much time

Barriers 28 Undergoing a Pap smear 2.72 1.87 0.69 0.51 0.87
test is too painful

Barriers 29 Health professionals 2.04 1.59 0.78 0.54 0.87

performing Pap smear
tests are rude to women
Barriers 30 | have other problems in 1.83 1.48 0.81 0.56 0.87
my life which are more
important than having a
Pap smear test

Barriers 31 lam too old to havea Pap  1.73 1.43 0.83 0.57 0.87
smear test regularly

Barriers 32 Undergoing a Pap smear 3.09 1.93 0.63 0.44 0.88
test is too uncomfortable

Barriers 33 I think that having a 2.26 1.77 0.78 0.52 0.87

regular Pap smear test is
required only if one has an
active sexual life

Barriers 34 My religion does not allow  1.52 1.23 0.81 0.62 0.87
me to undergo a Pap
smear test

Barriers 35 Preparing for a Pap smear 1.61 1.31 0.82 0.65 0.87
test can be inconvenient
for me

Barriers 36 Undergoing a Pap smear 1.54 1.22 0.79 0.61 0.87
test can cause problems
with my partner

Barriers 37 I am too young to have a 1.38 1.02 0.74 0.46 0.88
Pap smear test regularly

* ltem- rest correlation

In order to identify poorly-functioning items, we adopted the criteria defined by Guvenc et
al. (2011). Statements with a correlation below 0.3 with category scores, or showing an increase
greater than 0.1 in the Cronbach’s coefficient, if deleted, should be removed. Only six items have a
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correlation below 0.4: three severity items (9, 10 and 11) and three benefits items (12, 17 and 19).
However, as shown in Table 1 they all are above 0.3. Additionally, Cronbach’s coefficients for each
category are: Susceptibility 0.74, Severity 0.74, Benefits 0.73, Health motivation 0.62 and Barriers
0.82. As can be seen in Table 1, there is no statement that increases the coefficient of its category

above 0.1 when it is removed. Therefore, all the items met the inclusion criteria

141



Appendix E  Survey results (Supplement to Chapter 4)

Category No. Statement Agree Neutral Disagree
N % N % N %

Susceptibility 1 Itis likely that | will get cervical 958 56% 182 11% 559 33%
cancer in the future

Susceptibility 2 My chances of getting cervical 606 36% 252 15% 841 49%
cancer in the next few years are
high

Susceptibility 3 | feel | will get cervical cancer 638 38% 240 14% 821 48%
some time during my life

Susceptibility 4 | feel | will get cervical cancer 538 32% 159 9% 1002 59%

some time during my life
because | have family history of

cancer

Severity 5 The thought of cervical cancer 1325 78% 119 7% 255 15%
scares me

Severity 6  When | think about cervical 1310 77% 145 9% 244 14%
cancer, | feel worried

Severity 7 1am afraid to think about of 1350 79% 119 7% 230 14%
cervical cancer

Severity 8  Problems | would experience 918 54% 320 19% 461 27%
with cervical cancer would last
along time

Severity 9  Cervical cancer would threaten 703 41% 285 17% 711 42%

a relationship with my husband,
boyfriend, or partner

Severity 10 If I had cervical cancer my 1265 74% 135 8% 299 18%
whole life would change

Severity 11 If I developed cervical cancer, | 579 34% 393 23% 727 43%
would not live longer than 5
years

Benefits 12 | want to discover health 1486 87% 74 4% 139 8%
problems early

Benefits 13 Maintaining good health is 1572 93% 51 3% 76 4%
extremely important to me

Benefits 14 I look for new information to 1356 80% 156 9% 187 11%
improve my health

Benefits 15 |feelitis important to carry out 1557 92% 69 4% 73 4%
activities which will improve my
health

Benefits 16 Having regular Pap smear tests 1503 88% 109 6% 87 5%

will help to find changes to the
cervix, before they turn into
cancer
Benefits 17 If cervical cancer was found at a 1195 56% 250 11% 254 33%
regular Pap smear test its
treatment would not be so bad

Benefits 18 |think that having a regular Pap 1512 36% 87 15% 100 49%
smear test is the best way for
cervical cancer to be diagnosed
early

Benefits 19 Having regular Pap smear tests 1444 38% 101 14% 154 48%
will decrease my chances of
dying from cervical cancer

Motivation 20 | eat well-balanced meals for 1205 70% 170 15% 324 15%
my health

Motivation 21 |exercise at least 3 times a 743 89% 263 5% 693 6%
week for my health

Motivation 22 | have regular health check-ups 946 85% 193 6% 560 9%
even when | am not sick

Barriers 23 | am afraid to have a Pap smear 609 71% 189 10% 901 19%

test for fear of a bad result
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Category No. Statement Agree Neutral Disagree
N % N % N %

Barriers 24 | am afraid to have a Pap smear 593 44% 164 15% 942 41%
test because | don’t know what
will happen

Barriers 25 | don’t know where to go for a 401 56% 119 11% 1179 33%
Pap smear test

Barriers 26 | would be ashamed to lieon a 522 36% 136 11% 1041 53%
gynaecologic examination table

Barriers 27 Undergoing a Pap smear test 298 35% 173 10% 1228 55%
takes too much time

Barriers 28 Undergoing a Pap smear test is 644 24% 174 7% 881 69%
too painful

Barriers 29 Health professionals performing 325 31% 233 8% 1141 61%
Pap smear tests are rude to
women

Barriers 30 I have other problems in my life 259 18% 183 10% 1257 72%
which are more important than
having a Pap smear test

Barriers 31 lamtoo old to have a Pap 240 38% 140 10% 1319 52%
smear test regularly

Barriers 32 Undergoing a Pap smear test is 829 19% 115 14% 755 67%
too uncomfortable

Barriers 33 | think that having a regular Pap 468 15% 136 11% 1095 74%
smear test is required only if
one has an active sexual life

Barriers 34 My religion does not allow me 158 14% 125 8% 1416 78%
to undergo a Pap smear test

Barriers 35 Preparing for a Pap smear test 184 49% 146 7% 1369 44%
can be inconvenient for me

Barriers 36 Undergoing a Pap smear test 149 28% 161 8% 1389 64%
can cause problems with my
partner

Barriers 37 lam too young to have a Pap 89 9% 149 7% 1461 83%

smear test regularly
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Appendix F  Kruskal-Wallis (Supplement to Chapter 4)

Dunn test
Category Component Kruskal-Wallis

H-M H-L M-H
Susceptibility 1 0.11
Severity 2 0.001 0.02 0.001 0.1
Severity 3 0.001 <0.001 <0.001 0.16
Benefits 4 0.83
Benefits 5 0.54
Health motivation 6 0.002 0.015 0.003 0.3
Barriers 7 0.012 0.001 <0.001 0.21
Barriers 8 0.001 0.001 <0.001 0.49
Barriers 9 0.001 <0.001 <0.001 0.11

H: High, M: Medium and L: Low levels of poverty
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