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Abstract

Due to increased aging populations and changes in lifestyles, we have witnessed an
increased prevalence of various chronic and acute diseases and a drastic rise in health-
care expenditures in recent years. It is of paramount importance for public health to
promote regular screening and close monitoring to detect the early onset of diseases.
On the other hand, the increasing availability of healthcare data and advancement
in data analytics offer a huge potential to facilitate this goal. We can analyze the
vast amount of data and recommend more personalized diagnostic tests after receiving
results and signals from screening tests and monitoring systems, which are critical de-
cisions for the effective and efficient implementation of such screening programs and
monitoring systems. Meanwhile, it is also necessary to consider human behavioral
issues and their impact in making the recommendations. In particular, individual ad-
herence to the recommended diagnostic tests can significantly affect the effectiveness
and efficiency of the programs. This dissertation aims to integrate predictive analyt-
ics, optimization techniques, and behavioral models to improve risk monitoring and
decision-making in patient monitoring systems and population screening programs.
This dissertation first studies the real-time risk monitoring problem for patients in
intensive care units (ICUs). We identify a critical lag in the provision of information
due to the long lead time to measure some laboratory test variables (e.g., creatinine,
platelets, and bilirubin) used in calculating the Sequential Organ Failure Assessment
(SOFA) score, a well-established and important risk measure for patients in ICUs.

We develop machine learning models to estimate such variables using easily mea-



sured bedside variables, the rate of changes in bedside variables, and time lag from
the previous laboratory test, which mimics how physicians assess patient conditions
in practice. Then the predicted laboratory test variables can be used to calculate an
estimate of the real-time SOFA score. We further take advantage of the estimated
standard deviations from these models to construct intervals of the real-time SOFA
scores. We hypothesize that the estimated score intervals could capture the uncer-
tainty in patient condition since the previous test and provide valuable information
in a new dimension that complements the nominal SOFA scores. Using a dataset
collected from an ICU in a tertiary hospital in Singapore, we calibrate our model
and validate the hypothesis by comparing the prognostic accuracy of the proposed
approach on patients’ 24-hour mortality and 30-day readmission with those from the
SOFA score calculated using the conventional approaches. The proposed methodol-
ogy could be applied to other risk measures to improve their prognostic accuracy and
provide more reliable early warning for timely intervention.

The methodologies developed in the previous chapter can help raise a warning
of potential deterioration in a patient’s health condition, but the exact problem still
has to be confirmed through follow-up diagnostic tests, which are typically more in-
vasive and expensive. Medical resource overuse has become increasingly common in
recent, years and caused diverse problems, including unnecessary and risky diagnos-
tic tests and overly intensive or expensive treatments. There is a growing call for
more evidence-based decisions to reduce unnecessary diagnostic tests. The next part
of the thesis dives into this problem to optimize the prescription of diagnostic tests
during the health monitoring process, leveraging the improved risk monitoring tools
developed in the previous chapter. In particular, we develop a finite-horizon, partially
observable Markov decision process model to optimize the time to initiate a diagnostic
test. Our model captures both measured and estimated clinical variables (including

estimated intervals) in real-time to update the belief on a patient’s underlying health
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condition. We apply the model to monitor patients’ blood glucose levels to detect
hyperglycemia, a common complication of critical illness. We calibrate the model
using the same ICU dataset as in the previous chapter and demonstrate that the new
approach can advance the detection time with fewer diagnostic tests. The method-
ology can also be applied to many other health monitoring systems, especially those
powered by smart wearable health devices for chronic diseases. However, to optimally
design the warning signals and recommend the diagnostic tests for such a monitoring
system, one must consider the impact of human behavioral issues, especially indi-
viduals’ perception of the warning signals and adherence to the recommendations.
We address this challenge in the next chapter in the optimal design of population
screening programs for cancer surveillance and screening.

Cancer remains one of the leading causes of human death, while early detection
enables timely intervention and reduction in mortality rate. Two-stage screening
programs are broadly implemented in practice among large average-risk populations
to effectively and efficiently detect cancer in the early stages. Individuals receiving
positive results in first-stage (initial) tests are recommended to undergo second-stage
tests for further diagnosis. Notably, individuals’ adherence to the second-stage tests,
which is closely associated with the initial test design (sensitivity and specificity) and
personal characteristics, varies considerably across individuals and leads to different
cancer detection rates and demands for second-stage tests. We adopt a Bayesian
persuasion framework to model the optimal initial test design problem in the context
of colorectal cancer screening. Our goal is to balance the trade-off between test effec-
tiveness (i.e., detection rates of cancer incidences) and test efficiency (i.e., demands
for second-stage tests), considering individuals’ adherence behavior. We conduct a
nationwide survey in Singapore to calibrate the individual’s response to changes in
the test design. With the embedded behavioral model, we next optimize the threshold

selection in the initial test design (which decides the test sensitivity and specificity).
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We characterized the structural properties of an optimal initial test design. Using
various data and information collected locally in Singapore and from the literature,
we demonstrate that a well-designed initial test can detect more cancer incidences
with fewer second-stage tests than the current practice. We further explore the ben-
efits of using heterogeneous initial tests for different sub-populations and use the
interpretable clustering technique to search for implementable rules to partition the
population. We find that customized tests with simply an age-gender partition rule
could bring significant extra benefits.

To conclude, this thesis studies the optimal design of real-time patient monitoring
systems and population screening programs, using a combination of techniques from
machine learning, optimization, game theory and survey design. By analyzing the
comprehensive datasets collected from various sources, we showcase that well-designed
monitoring systems and screening programs can benefit individuals, healthcare ser-
vice providers, and health systems through improved effectiveness and efficiency in

healthcare service delivery.
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Chapter 1

Introduction

Over the last decades, the increase in aging populations and the adoption of unhealthy
lifestyles (e.g., physical inactivity, unhealthy diets and excessive alcohol consumption)
have contributed to a rapid rise in the prevalence of numerous diseases. For exam-
ple, the number of adults with diabetes has risen from 108 million in 1980 to 422
million in 2014; and the instances of cancer have reached 18.1 million in 2018 and
are projected to rise to 29.5 million in 2040 (Zhou et al. 2016, Are et al. 2020). The
increasing prevalence of diseases has resulted in a drastic surge in healthcare ex-
penditures. According to the World Health Organization, the worldwide healthcare
expenditure has continually risen between 2000 and 2018 and reached US $8.3 tril-
lion in 2018, accounting for 10% of global GDP (Vrijburg and Herndndez-Pena 2020).
This unsustainable phenomenon has raised global attention to promote regular health
screening and close monitoring to detect the early onset of diseases effectively and
efficiently. In recent years, the expanding volume of healthcare data and advances in
data analytics provides tremendous potential to facilitate this goal. We can explore
the vast amount of information hidden in the data to provide individuals with more
personalized diagnostic tests after receiving risk alerts and signals from screening
programs and monitoring systems. Meanwhile, it is also crucial to consider human

behavioral factors, as individual compliance with recommended diagnostic tests can



greatly affect the effectiveness and efficiency of the programs. This dissertation aims
to improve risk monitoring and decision-making in patient risk monitoring systems
and population screening programs using a combination of techniques from predictive
analytics, optimization, and behavioral models.

Chapter 2 looks into the decade-long challenges in the real-time risk monitoring
and limitations of the existing early warning systems. It has long been recognized as
challenging and essential to providing early identification of evolving illness and timely
life-saving interventions prior to the occurrence of unexpected adverse events for pa-
tients, especially for critically ill patients in the intensive care unit (ICU) (Shickel
et al., 2019). With the widespread use of electronic health record systems, patients’
dynamic physiological data can be easily tracked and recorded. Moreover, the rapid
development of machine learning and predictive modeling techniques has provided
researchers with technical supports to delve into this problem using the recorded
data (Solares et al., 2020). A number of early warning systems have already been
developed to track patients’ real-time health conditions in ICUs, such as Sequential
Organ Failure Assessment (SOFA) score, Multiple Organ Dysfunction Score (MODS)
and Logistic Organ Dysfunction Score (LODS) (Rapsang and Shyam, 2014). How-
ever, most existing scoring systems are calculated using long lead-time physiological
variables; for example, the three laboratory test variables used to calculate the SOFA
score (e.g., creatinine, platelets, and bilirubin) are not updated frequently, making
the SOFA score unable to describe patients’ real-time conditions and trigger early
warnings sufficiently ahead of time for physicians to initiate effective and timely in-
tervention. In addition, the existing scoring systems only give a score that typically
fails to capture the uncertainty and ambiguity in the risk assessment. To address these
issues, we develop a new framework to enhance any existing real-time early warning
scoring systems based on the physicians’ practice. The key component of the new

framework is to predict the uncertainty in those long lead-time variables using vari-



ables and information easily obtained at the bedside. The framework then derives
the real-time risk score and calculates an interval for the risk score that captures the
uncertainty in patient condition, which provides another dimension of information
for real-time patient risk monitoring. We validate the association of the estimated
real-time scores and uncertainty intervals on 24-hour mortality and 30-day readmis-
sion, and we demonstrate that the new framework is able to improve the prognostic
accuracy of the nominal scores significantly. Moreover, we develop a refined patient
risk classification based on real-time estimated risk levels and the new dimension of
uncertainty in risk assessment and further propose general guidelines for patient risk
monitoring under the new classification.

Chapter 3 further studies how to leverage the methodologies developed in Chap-
ter 2 to prescribe more personalized and evidence-based diagnostic tests. Diagnostic
test results account for 60% to 70% of all critical decisions, including medications,
further testing and discharges (Forsman, 1996). According to a recent report, the
global clinical diagnostic service market size reached $200.3 billion in 2020, represent-
ing a significant component of healthcare spending (Grand View Research, 2021).
However, about 20% to 30% of diagnostic tests have been identified as inappropriate
(Zhi et al., 2013a). In addition, diagnostic tests may lead to a number of negative
consequences, such as unnecessary patient discomfort, excessive utilization of phle-
botomy and additional blood transfusions (Eaton et al., 2017). It has drawn increas-
ing interest amid a growing emphasis on improving the effectiveness and efficiency
of diagnostic tests. Despite enormous attention and efforts that have been invested
in the medical field, there are no studies in operations management that address the
overutilization problem of diagnostic tests using real-time predictive analytics. In
this chapter, we propose a finite-horizon, partially observable Markov decision pro-
cess (POMDP) model to optimize the prescription of diagnostic tests in the detection

of acute diseases. Specifically, we build a real-time predictive model that incorporates



frequently updated clinical information to estimate individuals’ disease progressions,
and we further employ the uncertainty interval to capture the ambiguity of the risk
assessment. We then embed the predictive model in the POMDP framework and
use the predictions and uncertainty intervals as observations for health belief updates
and decision-making support. We evaluate the performance of our model through
simulations and case studies in the ICU setting. Our results show that the proposed
framework is able to advance the detection time with fewer diagnostic tests. Our
analysis provides a new framework for hospitals, smart healthcare service providers
and governments to design optimal diagnostic testing policies, which plays a vital role
in managing medical resources and improving patients’ health outcomes.

Chapter 4 further considers human behavioral factors. Heterogeneity in individu-
als’ adherence to medications, medical interventions, and disease screening programs
has long been noted in healthcare, and numerous works have identified that individ-
ual behavioral factors contribute substantially to this phenomenon (e.g., Osterberg
and Blaschke, 2005, Morgan et al., 2015, Robiner, 2005). For example, Golman et al.
(2017) discuss several behavior factors that lead to information avoidance behav-
ior, including “optimism maintenance” (i.e., people are optimistic about their health
states and tend to dismiss the unwarranted information) and “risk, loss, and disap-
pointment aversion” (i.e., aversion of possible perceived disappointment or loss). In
this regard, it is crucial to incorporate individuals’ endogenous behavioral responses
when designing screening tests. In this chapter, we study the optimal initial test
design problem in the context of CRC screening. To detect cancer in the early stages,
two-stage screening programs are widely implemented in practice, where individuals
receiving positive outcomes in first-stage (initial) tests are recommended to under-
going second-stage tests for further diagnosis. The design of the initial test, i.e.,
selecting cut-off points for generating test outcomes, is crucial for screening effec-

tiveness and efficiency. In addition, it is observed that not all individuals receiving



positive outcomes would follow up with the second-stage test; and the adherence
behavior is closely associated with the initial test cut-off point selection as it may
influence individuals’ trust on the test (Plumb et al., 2017, Lee and Lee, 2018). We
aim to balance the trade-off between test effectiveness (i.e., cancer detections) and
test efficiency (i.e., economic costs), considering individuals’ guideline adherence be-
havior. We adopt a Bayesian persuasion framework with information avoidance to
characterize the initial test design and the response from individuals to the screening
guideline and then leverage a nationwide survey conducted in Singapore to calibrate
the individual’s behavior. We show that under certain conditions, an initial test
with a binary outcome (i.e., a dichotomous test) is optimal for screening effective
maximization, and a continuous test is optimal for screening compliance maximiza-
tion. We further explore the benefits of using heterogeneous initial tests to different
sub-populations and apply the interpretable clustering technique to search for imple-
mentable rules in partitioning the population. We demonstrate that a well-designed
initial test is able to detect more cancer incidences with fewer second-stage tests
compared to current practice, and customized tests with an age-gender partition rule

would bring substantial benefits.



Chapter 2

Real-time Estimated SOFA Score with Intervals:
Improved Risk Monitoring with Estimated

Uncertainty in Health Condition for Patients in

ICU

2.1 Introduction

Sepsis, an inflammatory response to infection, is the leading cause of hospital deaths
(Hall et al. 2011, Liu et al. 2014, Paoli et al. 2018) and is a major component of
worldwide healthcare expenditures (Adhikari et al. 2010, Vincent et al. 2014, Rudd
et al. 2018). Sepsis accounted for more than $24 billion (13%) of total US hospital
expenses in 2013, and the number of sepsis cases is still on the rise (Paoli et al.
2018). SOFA score was designed to quantify organ dysfunction in sepsis (Vincent
et al. 1996, 1998), and it was later validated as a predictive marker of patients’
mortality in the ICU (Ferreira et al. 2001, Holder et al. 2017). SOFA score measures
the level of dysfunction for six organ systems: respiratory, cardiovascular, hepatic,
coagulation, renal, and neurological systems, and it contains 13 variables, including
vital signs, laboratory results, and medications. According to the new definition

of Sepsis 3 (Singer et al. 2016), organ dysfunction can be identified as an acute



change in the SOFA score of 2 or more points, which is associated with an in-hospital
mortality greater than 10%. The definition emphasizes the paramount importance
and substantial benefits of timely updating the SOFA score.

However, since three components of the SOFA score—creatinine, platelets, and
bilirubin—require laboratory tests that are less frequently conducted than vital signs
(Singer et al. 2016, Kumwilaisak et al. 2008), it would be difficult to capture patients’
organ dysfunction in time. Although increasing the frequency of laboratory tests may
allow relatively early detection of deterioration, it could impose heavy financial bur-
dens on both patients and the health systems. It might also lead to over-utilization of
phlebotomy, decreased hemoglobin value, and, consequently, hospital-acquired ane-
mia (Raith et al. 2017, Finkelsztein et al. 2017). On the contrary, numerous in-
terventions have been implemented across multiple institutions to reduce laboratory
tests (Keehan et al. 2015, Tsujita et al. 2010). For example, an initiative of the ABIM
Foundation, Choosing Wisely, aims to decrease unnecessary medical tests, treatments,
and procedures (Salisbury et al. 2011). Furthermore, the turnaround time of a labo-
ratory test—the time between submitting the laboratory specimen and receiving the
results—could range from several hours to days (May et al. 2006, Eaton et al. 2017),
further increasing the difficulty of updating patients’ SOFA score in time. As a result,
SOFA scores calculated using lagged information are subject to the uncertainties in
the changes of patient conditions since the previous test. This partially contributed to
the criticism on the effectiveness of the SOFA score as a risk monitoring tool (Marik
and Taeb 2017, Freund et al. 2017).

To address this issue, a new measure named quick SOFA (qSOFA)—which only
uses bedside measurable variables including respiratory rate, mental status and sys-
tolic blood pressure—was proposed to act as a proxy of SOFA for early detection of
suspected sepsis (Singer et al. 2016). However, it was noted that qSOFA was less

robust than SOFA due to its simplicity (Singer et al. 2016), and there were also con-



troversial views on the effectiveness of the gSOFA score (Marik and Taeb 2017, Hwang
et al. 2018). This chapter tries to develop an alternative approach to estimate SOFA
scores in real-time by leveraging machine learning techniques to mimic physicians’
practice. The idea is to construct machine learning models to estimate the real-time
values of less frequently updated laboratory test variables—in particular, creatinine,
platelets, and bilirubin—(for simplicity, we would refer to these variables as “test
variables”) using easily measured bedside variables (for simplicity, we would refer to
these variables as “bedside variables”). Then the predicted test variables would be
used to calculate an estimate of the real-time SOFA score. The proposed approach
can be viewed as an enhanced version of gSOFA that used machine learning models
to quantify the link between bedside variables and test variables. We also incorporate
the rate of changes in bedside variables and time lag from the previous test into these
machine learning models. This mimics how physicians assessed patient conditions in
practice and quantified the practice in a modeling framework to improve existing risk
monitoring systems.

The new approach not only provides a point estimate of the real-time SOFA
score, but we also take advantage of the estimated standard errors from these models
to construct intervals of the real-time test variables and SOFA scores. We hypothe-
size that such intervals could capture the uncertainty in patients’ health conditions
since the previous test and provide valuable information from a new dimension that
complements the point estimates of the SOFA scores. Based on the estimated un-
certainty in health conditions—which would be a new dimension of information that
complements the nominal risk level measured by the score—we could develop a more
refined risk classification for patients and provide more precise recommendations for
decision-making. Specifically, higher levels of estimated uncertainty could serve as a
piece of evidence to administer necessary diagnostic tests, which would help address

the issue of overtesting widely reported in practice (Clouzeau et al. 2019, Zhi et al.



2013b). Using a dataset collected from an ICU from a tertiary hospital in Singapore,
we calibrate our model and validate the hypothesis by comparing the prognostic accu-
racy of the proposed approach on patients’ 24-hour mortality and 30-day readmission
with those from the SOFA score calculated using the conventional approach as well as
qSOFA. The proposed methodology could be applied to other risk scores to improve
their prognostic accuracy and improve their effectiveness in patient risk monitoring.

We also calibrate our models to improve MODS and LODS.

2.2 Materials and Methods

2.2.1 Data

Patients’ records are collected from the Cardiothoracic Intensive Care Unit (CTICU)
in the National University Hospital (Singapore) from March 2010 to October 2016.
The CTICU used the IntelliSpace Critical Care and Anesthesia (ICCA, a digital
tracking system provided by Philips) system to track patients’ clinical records in real-
time automatically. We collect patients’ demographic and clinical records throughout
the ICU stay, including vital signs, laboratory tests, medications, electrocardiography

(ECG), and nursing notes. This study is approved by the National Healthcare Group
(NHG) Domain Specific Review Board (DSRB) (Reference number: 2016/00062).

2.2.2 Outcomes and Measures

The primary outcome of the study is 24-hour mortality, and the 30-day readmis-
sion is also measured. The prognostic accuracy of the scores is assessed from two
perspectives: discriminative power and reclassification improvement. Discriminative
power refers to the model’s capability of differentiating patients with different risk
categories. We adopt Nagelkerke’s R Square and the area under the receiver oper-
ating characteristic (ROC) curve (AUC) to assess a model’s discriminative power.

Reclassification measures how well a new model reclassifies patients with different



outcomes into correct risk categories than the benchmark model. We evaluate the
reclassification improvement by constructing a reclassification table and deriving the

Net Reclassification Improvement (NRI).

2.2.3 Models

We construct three ordinary least squares (OLS) models, using changes in bedside
variables, rates of changes in bedside variables, and the time lag since the last labora-
tory test to estimate real-time values of test variables—i.e., creatinine, platelets and
bilirubin—used in calculating SOFA scores. Let X; denote bedside variables measured
at time ¢, and Y; denote a target test variable measured at time t. We use Figure 1 to
illustrate the process of the variable updating and the scheme of our models. Figure 1
depicts a timeline with five time points in consideration, t = t1, t9, t3,t4, and t5. Note
that these time points are not necessary separated by equal intervals. Since X, are
easily measurable bedside variables, they could be updated at a high frequency (at
any time point with real-time monitoring systems), which is represented in Figure
1 that we could observe X; at t = t1, to, t3, t4 and t5. However, Y; is a laboratory
test variable that could only be updated when a test is conducted, so it is usually
updated at a lower frequency compared to X;. For example, in Figure 1, we could
only observe Y; at t = t; and t4, but we don’t observe the values of Y; at t = 19, t3,
and t4. We use At to denote the time interval between the current time point ¢ and
the last time when the test variable was updated, e.g., Aty =ty — t1, Aty = t3 — t;
(because the latest update in the test variable before ¢3 happens at t1). AX; denotes
the changes in bedside variables from the last time when the test variable is updated
to the current time point ¢, e.g., AX;, = X;, — Xy, AXy, = Xy, — X3, We define
AY; similarly, but note that we do not observe AY; for all ¢.

Our models aims to predict AY; using changes in bedside variables AX;, rates of

AXy
At 7

changes in bedside variables and the time lag since the last laboratory test At
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Figure 2.1: Process of variable updating and scheme of predictive models
Note: In this figure, X updates at every checking point. Y is updated only at time
points ¢; and t4,. The model presented is built to predict Y at other time points.

to predict the change in the test variable AY;, which could be used to estimate the
current value of Y; and then calculate an estimate of the current SOFA score for the

patient. Our models are summarized in the following equation:

AX
AY; = a+ BAX, + Att

where a, 3,7 and 7 are regression coefficients, and € is the random error term that

+ TAt + €,

captured the unobservable factors that affect the changes in the test variables. The
models also provided confidence intervals (Cls) for estimated AY;, from which we
could calculate the Cls and lengths of Cls (LoCls) for estimated Y;.

We further derive Cls and LoClIs for estimated SOFA scores. If multiple test
variables are estimated at the same time point, we take the conservative approach
when calculating the LoCls for the estimated SOFA score, i.e., the worst values
from the estimated CI of each test variable are taken to compute the worst value
of the estimated SOFA score, and the best values from the estimated CI of each
test variable are taken to compute the best value of the estimated SOFA score. In
this approach, we estimate the longest possible LoCI of the estimated SOFA score.
Specifically, we ignore correlations among the test variables! and use 98.3% CI of the
three test variables and the conservative approach above to construct the 95% CI of

the estimated SOFA score (98.3%3 = 95%). All the reported CIs in this paper are

IThe correlation coefficient of creatinine and bilirubin, of creatinine and platelets and of bilirubin
and platelets are -0.06, 0.01 and 0.2, respectively.
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95% CI of the estimated variables or scores.

2.3 Results

A total of 5,351 patients are enrolled in our study. Among these patients, the mean
age is 59.9 years, and 3,960 (74.0%) are male. Of the study cohort, 263 (4.9%) died in
the hospital, and 197 (3.7%) were readmitted within 30 days. Table 2.1 summarizes

the demographics of the study population.

Characteristics Values
No. of patients 5,351
Age, mean (SD) [range], year 59.9 (13.6) [13, 99]
Male, n (%) 3,960 (74.0)
Race, n (%)

Chinese 3,504 (65.5)
Malay 807 (15.1)
Indian 434 (8.1)
Others 606 (11.3)
Died in hospital, n (%) 263 (4.9)
Readmitted in 30 days, n (%) 197 (3.7)

SD: standard deviation
Table 2.1: Demographics of the study population

We use a wide range of variables that could be easily measured or obtained at the
bedside to predict test variables, including vital signs, results from bedside arterial
blood gas (ABG) tests, bedside electrocardiograms, medication, and other readily
available variables in real-time. In the study ICU, the turnaround time of ABG using
point-of-care testing is less than 5 minutes. Note that we don’t require all of these
variables to be measured in real-time. Instead, our methods could be applied to
update the real-time SOFA score and estimate intervals as long as one or more of
these are updated. The list of complete beside variables is provided in the appendix.

We extract 746,357 time points of data when the beside variables are updated.
Among these time points, creatinine is updated 27,872 times (5.11%), platelets 28,936

times (5.31%), and bilirubin 6,049 times (1.11%). The average intervals between
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consecutive measurements are 22.12 hours, 21.28 hours, 40.83 hours for creatinine,
platelets, and bilirubin, respectively. More summary statistics of the test variables
were provided in Appendix A.1. For each test variable, we carry out 5-fold cross-
validation to select the combination of bedside variables that produces the lowest root
mean squared error in predicting the test variable. Next, we retrain the predictive
model for each test variable using the complete dataset. The final predictive models
for all the test variables are provided in Appendix A.2.

When testing the performance of our proposed approach to construct point esti-
mates and LoCI for real-time SOFA scores, we select the 445,753 time points of data
when all the test variables are estimated as the test set. These data points represent
the most challenging cases for the predictive models as only bedside variables are
available, and the real-time SOFA scores have to rely on a lot of estimated values
of the test variables. Among these test data points, 8,698 experienced in-hospital
mortality within 24 hours, and 197 were readmitted to the ICU within 30 days.

We first check whether the estimated LoCls are predictive of 24-hour in-hospital
mortality. Table 2.2 summarizes the estimated LoCls for all the test variables and
the estimated real-time SOFA score among different patient groups. The p-values are
derived from Welch’s t-tests. The estimated LoCls of creatinine, platelets and SOFA
score are significantly larger (p < 0.001) among patients who died within 24 hours
than those who survived after 24 hours. These results show that the estimated LoCls
are indicative of patient conditions, and larger intervals are associated with worse
outcomes in terms of 24-hour mortality. Before presenting the multivariate analyses
to confirm the benefits of using estimated LoCI to monitor patient conditions, we
plot the score trajectories of two typical patients during their ICU stays in Figure
2.2—one survived (Figure 2.2a), but the other died in the hospital (Figure 2.2b)—to
illustrate the value of constructed score intervals.

Figure 2.2a shows that the patient’s SOFA score calculated from the conventional
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All Patients

Survived > 24 h

Died < 24 h
p-value

(n = 445,753) (n = 437,055)  Died (n = 8,698)
LoClI of estimated Creatinine 3.193 3.155 5.102 < 0.001***
LoClI of estimated Platelets 3.306 3.268 5.249 < 0.001***
LoClI of estimated Bilirubin 5.232 5.218 5.935 < 0.01*
LoClI of estimated SOFA score 0.342 0.341 0.408 < 0.001***

LoCTI: length of confidence interval; SOFA: sequential organ failure assessment
(Significance Level: 0 ***: 0.001 “**7; 0.01 ‘*7)

Table 2.2: Estimated LoCls of test variables and SOFA score among all patients,
patients survived > 24 hours, and patients died < 24 hours
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Figure 2.2: Trajectories of SOFA scores and estimated real-time SOFA scores with

intervals during two patients’ ICU stays

Conventional Value: SOFA score calculated from the conventional approach without
using estimated test variables
Upper Bound: constructed upper bound of the estimated real-time SOFA score.
Lower Bound: constructed lower bound of the estimated real-time SOFA score.
LoCI: length of confidence interval (LoCI) of the estimated real-time SOFA score,
i.e., Upper Bound — Lower Bound.
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approach is quite stable towards the end of the ICU stay, but the patient eventually
died, which indicates that the SOFA score fails to provide a warning before the ad-
verse event. However, the constructed intervals for the estimated SOFA score from
our approach fluctuate during the patient’s ICU stay and increases significantly to-
wards the end of the stay. This demonstrates how the constructed intervals could
identify the uncertainty in patient conditions when the laboratory tests are not con-
ducted and provide early warning when the conventional SOFA calculation fails. For
another patient showed in Figure 2.2b, the estimated intervals stay zero throughout
the patient’s ICU stay, which indicates our confidence in the real-time SOFA score,
and the patient condition was truly stable.

To demonstrate the values of our proposed approach to estimate real-time SOFA
scores and construct the intervals, we compare five logistic regression models in pre-
dicting patients’ 24-hour mortality with different sets of predictors: (1) SOFA score
calculated with the conventional method (for simplicity, we would refer to this as
SOFA score below); (2) SOFA score and LoClI of estimated real-time SOFA score; (3)
estimated real-time SOFA score and its LoCI; (4) estimated real-time SOFA score
and estimated test variables’ LoCls; (5) qSOFA score. We refer to these models as
Model 1, Model 2, Model 3, Model 4, and Model 5, respectively, and Model 1 is the
base model. Table 2.3 summarizes the regression coefficients for these models.

We observe that in Models 2-4, the odds ratio of the LoClIs for estimated SOFA
scores and test variables are all significantly greater than 1 (p < 0.05), implying
that larger LoCls were associated with a higher risk of 24-hour mortality. In Models
2 and 3, even after controlling for the SOFA score and estimated SOFA score, the
LoCT of the estimated SOFA score is still statistically significant in predicting 24-hour
mortality. This result confirms that the constructed intervals provide additional value
in capturing patient health conditions, as hypothesized before. The LoClIs for the test

variables also provide such additional values.
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Coefficients Std. Error Odds ratios p-value
(n = 445,753) (n = 437,055) Died (n = 8,698)

Model 1

SOFA score 0.3860 0.0033 1.4712 < 0.001**
Model 2

SOFA score 0.3935 0.0034 1.4822 < 0.001**
LoCI of estimated SOFA score 0.3714 0.0185 1.4497 < 0.001***
Model 3

Estimated SOFA score 0.3983 0.0034 1.4894 < 0.001***
LoClI of estimated SOFA score 0.2711 0.0184 1.3115 < 0.001***
Model 4

Estimated SOFA score 0.3854 0.0034 1.4703 < 0.001***
LoClI of estimated Creatinine 0.0954 0.0028 1.1001 < 0.001***
LoClI of estimated Platelet 0.0997 0.0023 1.1049 < 0.001***
LoClI of estimated Bilirubin 0.0014 0.0005 1.0014 < 0.05*
Model 5

qSOFA score 1.2465 0.0132 3.4782 < 0.001**

LoClI: length of confidence interval; SOFA: sequential organ failure assessment; qSOFA: quick
SOFA
(Significance Level: 0 7. 0.001 “**’; 0.01 “*’)

Table 2.3: Regression coefficients of models on predicting patients’ 24-hour mortality

To assess the first four models’ predictive power, we first conduct the likelihood
ratio tests (Steyerberg et al. 2012, Deeks and Altman 2004) to determine if the ob-
served difference in the model fit is statistically significant. We find that Models 2, 3,
and 4 exhibit significant deviance reductions (p < 0.001) compared to the base model
(i.e., Model 1), in which the SOFA score is the only predictor. Next, we calculate
these five model’s Nagelkerke’s R-squareds, which measure the goodness of fit of the
logistic regression model to the data. We observe that Nagelkerke’s R-squareds in-
crease in the first four models (Table 3), indicating that using the estimated real-time
SOFA score and adding the constructed intervals for the score and test variables im-
prove the models’ fit to the data. Model 5’s Nagelkerke’s R-squared is significantly
worse (p < 0.001) than the other four models, indicating that the ¢SOFA score does
not fit well in our study population and is inferior to the proposed approach leverag-

ing bedside variables to estimate the real-time SOFA score. To assess these models’
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discriminative power, we generate their ROC curves (Figure 2.3) and compare their
AUCs (Table 2.4). Model 4—which uses estimated real-time SOFA score and test
variables’ LoCIs—has the highest AUC. Again, gSOFA has the worst discriminative

power in our study population.

Model 1 Model 2 Model 3 Model 4 Model 5

Nagelkerke’s R square  0.185 0.189 0.197 0.224 0.125
AUC 0.843 0.844 0.844 0.870 0.778

Model 1: using SOFA (sequential organ failure assessment) score only; Model
2: using SOFA score and LoCI (length of confidence interval) of estimated
real-time SOFA score; Model 3: using estimated real-time SOFA score and
its LoCI; Model 4: using estimated real-time SOFA score and estimated test
variables” LoCls; Model 5: using qSOFA (quick SOFA) score; AUC: area
under the receiver operating characteristic curve

Table 2.4: Performance comparison between models on predicting patients’ 24-hour
mortality

Next, we focus on Model 4 and investigate its reclassification improvement over
the base model. NRI is a popular measure to evaluate improved discrimination by
a new model versus the benchmark model (Pencina et al., 2011, Steyerberg et al.,
2012, Leening et al., 2014, Alba et al., 2017). We consider three risk levels for 24-
hour mortality, 0-5%, 5-10%, and > 10%, and develop the reclassification table as
shown in Table 4. Among 8,698 data points in which patients died within 24 hours,
Model 4 correctly reclassifies 2,101 (= 755 + 396 + 950) cases from lower risk levels
to higher risk levels compared to the predictions from the base model; while it only
makes 501 (= 301 + 0 + 200) worse predictions. Among 437,055 data points in which
patients survived 24 hours, Model 4 makes 10,080 improved reclassifications and 9,965
worsened reclassifications. Overall, 18.42% cases are correctly reclassified by Model
4, i.e., NRI = 0.1842 (p < 0.001). We also calculate continuous NRI, which does
not depend on the choice of risk-level cut-offs but captured the proportion of changes
in predicted risk in the correct direction versus the proportion of changes in the

wrong direction. The continuous NRI is 0.6960 (95% CI, 0.6751-0.7169, (p < 0.001)),
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Figure 2.3: ROC curves of models on predicting patients’ 24-hour mortality

Model 1: using SOFA (sequential organ failure assessment) score only; Model 2: using
SOFA score and LoCI length of confidence interval) of estimated real-time SOFA
score; Model 3: using estimated real-time SOFA score and its LoCI; Model 4: using
estimated real-time SOFA score and estimated test variables’ LoCls; Model 5: using
qSOFA (quick SOFA) score; AUC: area under the receiver operating characteristic
curve

which indicates the significantly improved discriminative capability of our model. We
further compute the integrated discrimination improvement (IDI), which integrates
the NRI over all possible risk-level cut-offs and is mathematically equivalent to the
difference in discrimination slopes of the two models in comparison (identical to the
difference in Pearson R-squared) (Pencina et al., 2012). The IDI is 0.0344 (95% CI,
0.0325-0.0363, (p < 0.001)), which further confirms the superiority of Model 4 over
the base model.

We carry out the same comparison between the models for 30-day readmission,
which is known to be a tough outcome to predict for ICU patients (Desautels et al.
2017). From Table 2.6, it is observed that 30-day readmission is indeed challenging
to predict, but our method, especially Model 4, significantly improves the model fit
and discriminative power over the base model. The results confirm the importance

of capturing the uncertainty in patient conditions through the estimated intervals for
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Predicted risk from Model 4, %
Predicted risk from Model 1, % 0-5 5-10 >10  Total

Died < 24 h

0-5 3,267 755 396 4418

5-10 301 1,094 950 2345

>10 0 200 1,735 1935

Total 3,568 2,049 3,081 8698

Survived > 24 h

0-5 394,258 5,749 1,496 387898
5-10 6,362 12,978 2,720 18023
>10 1 3,717 9,774 39832
Total 400,621 22,444 13,990 437055

Model 1: using SOFA (sequential organ failure assessment) score only;
Model 4: using estimated real-time SOFA score and estimated test
variables’ LoClIs (lengths of confidence intervals); Dark grey shaded
numbers indicated improved reclassification by Model 4 over Model
1; Light grey shaded numbers indicated worsened reclassification by
Model 4 over Model 1.

Table 2.5: Reclassification table (risk categories: 0 — 5%, 5 — 10%, > 10%)

lagged test variables. We also consider other outcome measures, including 12- and
36-hour mortality. The findings are consistent with other outcomes and confirm the
superior performance of Model 4. Detailed results are presented in Table 2.7.

To validate that our method can improve other risk scores, we consider another
two commonly used scores in ICUs, MODS and LODS. The test variables used in
MODS are the same as SOFA, but LODS uses three more test variables, urea, white
blood cell and prothrombin time. We carry out the same procedure to train the
models to predict the new test variables, and the final models are presented in the
appendix. Next, we conduct the same comparison between four logistic regression
models to predict the outcomes using different sets of predictors: (1) the original score
(either MODS or LODS) calculated with the conventional method (for simplicity, we
would refer to this as the original score below); (2) the original score and LoClI of the

estimated real-time score; (3) estimated real-time score and its LoCI; (4) estimated
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Model 1 Model 2 Model 3 Model 4 Model 5

Nagelkerke’s R Square  0.002 0.002 0.002 0.041 0.001
AUC 0.550 0.550 0.550 0.663 0.518

Model 1: using SOFA (sequential organ failure assessment) score only; Model
2: using SOFA score and LoCI (length of confidence interval) of estimated
real-time SOFA score; Model 3: using estimated real-time SOFA score and
its LoCI; Model 4: using estimated real-time SOFA score and estimated test
variables’ LoCls; Model 5: using qSOFA (quick SOFA) score; AUC: area under
the receiver operating characteristic curve.

Table 2.6: Performance comparison between models on predicting 30-day readmission

Prediction Evaluation Model 1 Model 2 Model 3 Model 4 Model 5

12-hour mortalit Nagelkerke’s R Square ~ 0.190 0.199 0.211 0.255 0.129
~HOUT mortality AUC 0.866  0.866  0.872  0.898  0.801

36-ho ortalit Nagelkerke’s R Square  0.188 0.192 0.197 0.228 0.124
~HOUL mortadity AUC 0833 0833 0833 0856  0.766

Model 1: using SOFA (sequential organ failure assessment) score only; Model 2: using SOFA
score and LoCT (length of confidence interval) of estimated real-time SOFA score; Model 3: using
estimated real-time SOFA score and its LoCI; Model 4: using estimated real-time SOFA score and
estimated test variables” LoCIs; Model 5: using gSOFA (quick SOFA) score; AUC: area under the
receiver operating characteristic curve

Table 2.7: Performance comparison between models on predicting patients’ 12-hour,
36-hour mortality

real-time score and estimated test variables’ LoClIs. The detailed results are presented
in Table 2.8. We observe the same findings—using the estimated real-time score
with constructed intervals for test variables (i.e., Model 4) performed the best in all
outcomes and significantly improved the base model (i.e., Model 1) for both MODS
and LODS.

2.4 Discussion

The onset of organ dysfunction is associated with higher mortality and complication
rates, making timely detection of deterioration and intervention crucial to critically ill
patients. The SOFA score has been validated as an effective risk measure of patient

conditions and is widely adopted in clinical practice for risk monitoring. Nevertheless,
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Score Prediction Evaluation Model 1 Model 2 Model 3 Model 4
Nagelkerke’s R Square  0.210 0.210 0.218 0.238

12-hour mortality

AUC 0.872 0873  0.878  0.897

. Nagelkerke’s R Square  0.205 0.206 0.209 0.231

MoDg  24hour mortality AUC 0.852 0852 0854  0.874
. Nagelkerke’s R Square — 0.211 0.212 0.214 0.234

36-hour mortality AUC 0.845 0845 0846  0.964

30-dav readmission Nagelkerke’s R Square ~ 0.003 0.003 0.003 0.012

¥ ! AUC 0.552  0.551 0.549  0.647

. Nagelkerke’s R Square  0.258 0.261 0.267 0.339

12-hour mortality AUC 0.804 0895 0919  0.920

LODS 94 h talit Nagelkerke’s R Square  0.242 0.244 0.249 0.297
-hout mortality AUC 0.870  0.871 0.874  0.892

. Nagelkerke’s R Square  0.235 0.237 0.243 0.280

36-hour mortality AUC 0.856 0857 0860  0.876

30-dav readmission Nagelkerke’s R Square  0.005 0.004 0.005 0.121

¥ 1551 AUC 0.578  0.581 0.584  0.666

Model 1: using the original score score only; Model 2: using the original score and LoCI (length
of confidence interval) of estimated real-time score; Model 3: using estimated real-time score and
its LoCI; Model 4: using estimated real-time score and estimated test variables’ LoCls; AUC: area
under the receiver operating characteristic curve

Table 2.8: Performance comparison between models on predicting different outcomes
for MODS and LODS

the effectiveness of the SOFA score as a risk monitoring tool has been questioned,
partially because some key clinical variables (creatinine, bilirubin and platelets) used
in calculating the SOFA score are typically not frequently tested in clinical practice.
Hence, it is essential to establish a risk monitoring system that captures patient
conditions in real-time for organ function surveillance (Ferreira et al. 2001). qSOFA
was proposed to address this issue using a handful of bedside variables and easy
calculation. Its simplistic structure, however, rendered its effectiveness in capturing
patient conditions. We identifies this critical time lag in calculating SOFA scores and
potentially many other risk scores. To address this issue, we develop a framework
to mimic how physicians assessed patient conditions in practice and develop machine
learning models to estimate the real-time values of the test variables using easily

obtained bedside variables and information. We further leverage these models to
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construct intervals for test variables to quantify the uncertainty in conditions a patient
might have developed since the previous test.

Shickel et al. (2019)) and Aguroglu and Ogul 2021 recently demonstrated that us-
ing latent and frequently updated clinical information to predict the real-time SOFA
score could improve the effectiveness of the SOFA score under deep learning frame-
works. Our study goes a step further, showing that capturing the uncertainty in
patient conditions can also be critical for risk monitoring systems. Without real-time
laboratory tests, a patient’s true condition is uncertain and could only be partially
reflected by other observable information. In practice, physicians attend to the pa-
tients and assess their conditions using information available at the bedside as well
as lagged laboratory test reports. The physicians might form some estimates about
the real-time value of those unobservable variables—which, even if tested, could only
be available after some time—and make decisions based on their estimates. Dur-
ing such a process, the physicians are aware of the uncertainty in their estimates
and would certainly take such uncertainty or confidence of their estimates into their
decision-making process. Our proposed modeling framework mimick such processes
and quantify both the estimates and the uncertainties in the estimates of test vari-
ables through constructed confidence intervals. We demonstrate that these intervals
could accurately reflect the uncertainties in patient conditions and provide additional
value in real-time patient risk monitoring.

With enhanced patient monitoring systems that quantify the uncertainties in risk
assessment, we can refine the guidelines for decision-making interventions. Figure 2.4
proposes a refined patient classification based on real-time estimated risk score (e.g.,
SOFA, MODS, LODS) and estimates uncertainties in risk assessment, which could
be obtained from constructed intervals from our approach. This is an exemplary
scheme, and one could certainly have more granular stratification in each dimension.

For patients in different risk groups (Figure 2.4), we propose recommended decisions
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correspondingly. If a patient is assessed with low risk and low uncertainty, the patient
is in relatively good and stable condition; physicians can continue to monitor the
patient as usual, and such a patient could be considered for discharge from ICU. If
a patient is assessed with low risk but high uncertainty, the patient’s condition is
not stable, and there is a nonnegligible chance that the patient’s actual condition
is worse; physicians are advised to prescribe relevant tests to find out the actual
condition based on the variables which have large estimated intervals; the patient
should not be considered for discharge. If a patient is assessed with high risk and low
uncertainty, physicians can confirm that the patient is in poor condition with known
issues revealed by the score, and necessary interventions should be taken immediately.
If a patient is assessed with high risk and high uncertainty, the actual condition
could be even worse, and there could be unknown organ dysfunctions; the immediate
recommendation is to prescribe relevant tests to confirm the exact organ dysfunctions
and initiate some interventions; at the same time, the patient should be monitored
closely, and appropriate adjustments to the interventions should be taken if necessary

depending on the test outcomes.

-~
High risk and unstable

o) Low risk but unstable Suggestions: prescribe tests to confirm
—_ . . . . P
8 High | Suggestions: prescribe tests to confirm exact organ dysfunctions; initiate
n the actual condition; not recommend to | immediate interventions and monitor
E discharge closely; change interventions if
E necessary depending on test outcomes
>
=
=
@ Low risk and stable Confirmed high risk
8 Low Suggestions: monitor as usual; can be Suggestions: initiate immediate
5 considered for discharge interventions

Leveraging the estimated uncertainty in patient conditions, this chapter sheds

Low

High

Real-time risk score

Figure 2.4: Intervene instructions
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light on the clinical practice regarding when to order laboratory tests. In practice,
many laboratory tests are conducted routinely in ICU to monitor patient conditions.
For example, in our study ICU, a renal panel is usually performed once a day. It could
be performed more frequently (e.g., twice a day) for relatively high-risk patients but
with fixed and equally spread intervals throughout the day. Moreover, it is widely
reported that many laboratory tests are inappropriately used in practice (Clouzeau
et al. 2019). For example, 20%-30% of diagnostic tests are identified as inappropriate
in a meta-analysis (Zhi et al. 2013b). Our methods could be viewed as a tool to trigger
on-demand laboratory tests for patients with estimated high uncertainties in their
conditions. With the integration of real-time clinical information, the enhanced risk
monitoring system could provide validated real-time risk assessment with validated
uncertainties in such assessment to the physicians. The need for any (additional)
laboratory tests would then be based on quantified and validated evidence, which can
reduce unnecessary and repeated testing.

Our study has the following limitations. First, our results are based on analyzing
the data from a single center. Although the methodology is general enough to enhance
any risk scores, the improvement might differ in other units. Second, we only test the
enhancement for a few risk scores, i.e., SOFA, MODS and LODS. There are many
other risk scores developed in the literature and implemented in practice, which we
could not exhaust in this study. Finally, the study is based on a retrospective patient
cohort. A prospective randomized clinical trial would be required to confirm and

validate the benefits of enhanced risk monitoring systems.

2.5 Conclusion

This chapter proposes a new framework to estimate the real-time values of risk as-
sessment scores for patient monitoring in ICUs. We develop machine learning models

to estimate the real-time values of the laboratory test variables used to calculate
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the scores and then compute estimates of real-time score values. We leverage the
estimated confidence intervals in the test variables to quantify the uncertainty in
patients’ health conditions from the previous tests. We validate that such intervals
provide significant additional values for risk monitoring in real-time. The proposed
method provides a foundation for finer patient risk classification and decision recom-
mendation. In particular, the estimated uncertainty in patients’ health conditions
could be used to trigger on-demand laboratory tests. External validation and clinical

tries are warranted to confirm the benefits of enhanced risk monitoring systems.
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Chapter 3

A Predictive and Prescriptive Method to Reduce

Repetitive Tests

3.1 Introduction

The global healthcare expenditure has risen drastically in recent years, yielding a
higher annual growth rate relative to Gross National Product (Hernandez-Pena,
2019). Due to this unsustainable phenomenon, there is a growing interest in pro-
moting high-value medical care initiatives, in which the overuse of diagnostic tests
has attracted significant attention (Eaton et al. 2017). Notably, the global clinical
diagnostic service market size has reached $200.3 billion in 2020 and is expected to
expand at a compound annual growth rate of 4.7% from 2021 to 2028 (Grand View
Research 2021), while 20% to 30% of all diagnostic tests are identified as inappro-
priate (Zhi et al. 2013a). In addition to the heavy financial burden that the overuse
problem imposes on patients and the healthcare system, it also results in many neg-
ative consequences such as unnecessary patient discomfort, excessive utilization of
phlebotomy, decreased hemoglobin values, and hospital-acquired anemia, which fur-
ther leads to additional blood transfusions, increased mortality, and prolonged length
of stay (LOS) for hospitalized patients (Eaton et al. 2017, Cheng et al. 2019). There-

fore, it is crucial to address the diagnostic overutilization issue from both economic
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and health considerations.

The overutilization of diagnostic tests, most of which are in the form of unneces-
sary repetitive tests, is particularly prevalent in intensive care units (ICUs) (Beriault
et al. 2021). ICUs cater to critically ill patients who are in need of close monitor-
ing, imminent intervention, and life-sustaining treatment to restore or maintain organ
function. In ICUs, timely tracking of patient physiologic indicators is essential for
physicians to identify potential organ dysfunction and acute deterioration of patients.
For example, systolic blood pressure at or below 90 mmH g or diastolic blood pressure
at or below 60 mmH g is typically considered hypotension, which leads to inadequate
blood flow to body organs and may contribute to stroke, heart attack, kidney failure
and shock if not promptly intervened (Chalmers et al., 2008, Feldstein and Weder,
2012). Glucose level serves as a key indicator of hyperglycemia, that if a patient’s
glucose level is above 10 mmol/L, insulin therapy should be initiated immediately
in case of increased mortality and hyperglycemia-associated complication rates (Ichai
and Preiser, 2010). Although patients’ basic physiological parameters (e.g., blood
pressure, respiratory rate) can be tracked bedside with the real-time monitoring sys-
tem, there are still various critical indicators that require invasive or expensive di-
agnostic tests (e.g., white blood cell counts, glucose level). In fact, diagnostic test
results leverage 60% to 70% of all critical decisions, including medications, further
testing and discharges (Forsman, 1996). Repetitive tests enable physicians to identify
patients’ physical problems and confirm their condition, while failure in the timely
update of key indicators may adversely contribute to delayed treatments, prolonged
LOS and higher mortality rate (Ong et al., 2018).

In addition, the overutilization of diagnostic tests also stems from the smart
healthcare system. With the advancement of information technology, the smart
healthcare market has been rapidly emerging in recent years. Smart healthcare,

which aims to provide more convenient and personalized healthcare services as well
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as achieve efficient and effective utilization of healthcare resources, has gained exten-
sive attention owing to the growing demand for early detection of diseases and pre-
ventive care (Tian et al. 2019). For example, the Singapore government contracted
with Fitbit, Inc., which is a smart healthcare provider, to provide health trackers and
services to up to one million Singapore citizens as part of the development of the
smart city ecosystem (Reuters, 2019). Serving as an essential pillar in the modern
concept of smart city, smart wearable health devices (WHDs) have evolved to respond
to the demands of early detection and preventive care by providing real-time health
status monitoring services (Aziz et al., 2016). For instance, Apple Watch provides
early notification for atrial fibrillation by real-time tracking the user’s heart rate and
heart rate variability using photoplethysmography; HeartGuide, which is also a smart
WHD, provides early notification of hypertension by real-time tracking users’ blood
pressure. Individuals who receive early warnings of deterioration may subsequently
seek further medical assistance. However, as pointed out by Baig and Gholamhosseini
(2013) and Vogt et al. (2019), the false positive (FP) rates of smart WHDs are very
high, which could consequently give rise to hospital congestion and waste of medical
resources.

Thus motivated, we aim to balance the trade-off between the overutilization of
diagnostic tests and the delayed identification of individuals’ deterioration. In this
chapter, we adopt a POMDP framework to characterize the optimal time to prescribe
a diagnostic test. Specifically, we focus on acute diseases and put our sights on real-
time health monitoring contexts, where inpatients or users continuously or frequently
receive routine, harmless, and cheap (or free) medical tests (e.g., heart rate and
blood pressure tests). Given that the individual’s critical clinical indicators may not
be frequently updated, the true progression of the patient’s status cannot be fully
observed in real-time. Utilizing all frequently updated physiological parameters as

predictors, we propose a real-time prediction model to estimate key indicators for
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some acute diseases (e.g., glucose levels for hyperglycemia) and calculate an interval
to capture the uncertainty of the prediction. We further embed the predictive model
into the modeling framework to determine whether to order a diagnostic test in each
decision epoch.

We illustrate the performance of our framework through comprehensive simula-
tions and case studies. Specifically, we study the optimal testing policy for detecting
hyperglycemia in an ICU with real data. We demonstrate the benefits of the pro-
posed model compared to practical benchmark policies across multiple metrics (e.g.,
the number of diagnostic tests, detection time).

This chapter makes the following key contributions:

(1) To the best of our knowledge, this is the first work in operations management
to address the overutilization problem of diagnostic tests in healthcare services using
real-time predictive analytics. We propose a POMDP framework that incorporates a
prediction model to characterize the optimal prescription diagnostic tests.

(2) In contrast to the static or age-specific information matrices (also known as
observation matrices) that are extensively applied in the disease screening literature,
we develop a prediction model that integrates the time lag of key indicators (i.e., the
time elapsed from the last testing epoch) and the dynamic changes in patient phys-
iological parameters to construct the observation consisting of a predicted outcome
and an uncertainty interval. We then estimate the information matrices with respect
to the time lag to capture the time effect of the prediction. In addition, we consider
a maximum allowed time lag in the modeling framework (i.e., patients are required
to receive at least one diagnostic test within a given time period). All these features
differentiate our study from conventional POMDP models and render it more in line
with real practices.

(3) Based on results from simulation and the case study, we demonstrate the

significant benefits of the optimal testing policy generated by our modeling framework
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compared with some practical benchmark policies. Specifically, our framework can

advance the detection time with few tests in hyperglycemia detection.

3.2 Literature Review

Our work, which adopts predictive and prescriptive methods to reduce repetitive
diagnostic tests, is closely related to the literature on optimizing diagnostic testing
policy in both medical and management areas.

There are extensive researches on reducing unnecessary diagnostic tests for acute
diseases in the medical area. Most of them focus on deriving heuristic policies that
are easy to implement to tackle the overuse problem. For example, Le Maguet et al.
(2015), Iturrate et al. (2016) and Dhanani et al. (2018) address the overutilization
of diagnostic testing problem by changing the culture of tests ordering and/or the
features of electronic ordering systems, and they illustrate the effectiveness of the
proposed methods by experimental studies. Medical researchers also adopt simula-
tion methods to derive the diagnostic testing policy by evaluating the performance
of various routine and heuristic testing policies. However, they focus on the utiliza-
tion of diagnostic testing in the context of chronic disease. For example, to balance
the mortality rate, life-years gained, and relevant cost, Boer et al. (1998) propose a
computer simulation model to evaluate the performances of different breast screening
policies. Michaelson et al. (1999) develop a simulation model to determine the opti-
mal screening policy by comparing the cost-benefit consequences of different screening
intervals. McLay et al. (2010) develop a simulation-optimization model which sug-
gests age-based screening optimal policies for cervical cancer under a cost-effectiveness
framework. They state that their proposed dynamic policy can approximately achieve
the same health benefit with fewer scheduled screenings when compared with the rec-
ommended policy. For a comprehensive review of medical papers on the proper use

of diagnostic tests, please refer to Bindraban et al. (2018) and Koleva-Kolarova et al.
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(2015). Our work is greatly different from these researches as we focus on optimiz-
ing diagnostic testing strategies with analytical optimization models in acute disease
contexts.

Operations research and optimization techniques have also been widely applied in
developing diagnostic testing strategies with analytical models. To the best of our
knowledge, most prior works on diagnostic testing in the operations research litera-
ture focus on optimizing screening tests for chronic disease. For example, Lee and
Pierskalla (1988) investigate the diagnostic screening problem for contagious diseases
by developing a screening optimization model with little or no latent periods. They
derive the optimal screening policy by minimizing the average number of infected
people in the population. Ozekici and Pliska (1991) study the optimal inspection
problem with a delayed Markov process. Their objective is to minimize the total
expected cost associated with the sensitivity and specificity of the test. Assuming
stationary disease aggression, they apply their model to a cancer screening setting
and derive the optimal screening policy. Parmigiani (1993) propose a continuous-
time non-Markovian stochastic model to analyze the diagnostic testing problem with
error-free tests and derive the optimal inspection policy from the cost minimization
perspective. For breast cancer biopsy based on mammography observations, Chhat-
wal et al. (2010) use a Markov decision process to model the problem and compute
the optimal screening policy by maximizing the expected quality-adjusted life years
(QALYs). However, this chapter focuses on the overuse of repetitive diagnostic tests
in acute disease settings where patients are in emergent status and usually require lots
of diagnostic tests for assessment. Our work further differs by modeling the diagnostic
testing problem with a predictive model embedded POMDP framework.

A substream of the literature that is closely related to our work is about the use
of POMDP in developing optimal screening policies for various cancers. Utilizing

the sensitivity and specificity of mammography as observation probabilities, Maillart
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et al. (2008) evaluate some age-dependent screening policies using a POMDP model
with sample-path enumeration in a breast cancer screening problem. They try to
identify efficient screening policies for different patient groups to balance the associ-
ated mortality risk of breast cancer and the implementation effort of screening. Ayer
et al. (2012) propose a POMDP approach to personalize mammography screening de-
cisions based on patients’ historical screening results and risk characteristics. Given
that mammography screening has high potential risks (e.g., high FP rate), in their
paper, they try to maximize the total expected QALY for each patient by considering
the costs associated with the QALY losses of underuse and overuse of mammography
screening. Under a similar setting, Ayer et al. (2016) further incorporate imperfect
and heterogeneous adherence behaviors and breast cancer risk in their model to derive
the optimal screening policy. Similarly, Zhang et al. (2012) and Erenay et al. (2014)
develop POMDP models to address the screening problem for prostate cancer and
colorectal cancer, respectively. They derive the optimal screening policies by maxi-
mizing the expected QALYs by considering the QALY loss associated with one-time
screening and long-term benefits. We refer the readers to Alagoz (2011) for a more
comprehensive review of the application of POMDP in screening problems.

In line with this stream of literature, we also develop a POMDP framework to ad-
dress the overuse of medical tests problem. However, our work differs from these works
in one or more critical ways. First, instead of studying the screening problems under
chronic disease settings, we focus on acute disease contexts. Second, we consider a
maximum allowed test interval in the testing policy, which renders it more in line with
real practices and greatly differentiates it from conventional POMDP models. Third,
we embed a predictive model with real-time patients’ risk data in the POMDP frame-
work and construct the information matrices based on the predictions. However, the
mentioned POMDP application literature usually constructs the information matrix

considering the specificity and sensitivity of diagnostic tests. Moreover, as pointed
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out by Jenkins et al. (2018), clinical prediction models are quickly becoming outdated
and less accurate over time due to accumulated uncertainty. We consider this new
feature in our predictive model. As a result, our information matrices are also time-
dependent, which further distinguishes our model from other conventional POMDP
models.

Our work is also related to the literature on developing predictive and prescriptive
methods for optimal diagnostic testing control. For example, To address the proper
use of lab testing problems in the hospital, Cismondi et al. (2013) develop a binary
classifier using fuzzy modeling to determine whether a lab test should be adminis-
tered or not based on the information gain from the predicted lab results. However,
they do not optimize the decision based on the predictive information. Cheng et al.
(2019) consider the optimal diagnostic testing problem with an MDP—Reinforcement
Learning (RL) framework. They first adapt the multi-output Gaussian process to de-
rive the hourly predictions of non-frequent update clinical variables. Second, they
use MDP to model patient trajectories by using the predictions as the state. In
their model, they construct a vector-valued reward function to address the trade-off
among different objectives. Finally, they use the reinforcement learning method to
derive the lab testing policy. Our work critically differs from Cheng et al. (2019) in
the following aspects. First, we use a POMDP analytical framework to model the
problem with considering patients’ states are partially observable. Second, instead of
only considering the time lag in the state space, we further consider its impact on pre-
diction accuracy. Last but not the least, they apply a vector-valued reward function
to address the trade-off between the over-ordering and under-ordering of any given
lab test; however, we focus on a one dimension reward function. This chapter also
broadly relates to literature on developing predictive and prescriptive framework for
healthcare services, e.g., Bertsimas et al. (2016), Spencer et al. (2014), Xu (2015), and

Xu and Chan (2016) use predictive information to optimize healthcare decisions in
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different contexts. Similar to these works, we aim to incorporate real-time predictive
information into dynamic prescriptive analytics to provide real-time decision support
on recommending diagnostic tests. Our model features the dynamic change in the ac-
curacy of predictive information and captures the practice of maximum recommended
test interval, and thus differs from the methodologies developed in the above papers.

Outline of this chapter: The rest of the paper is organized as follows. Relevant
literature is reviewed in Section 3.2. We describe the problem setting and framework
with the POMDP model in Section 3.3. In Section 3.4, we convert the optimality
equations of the POMDP model into an alternative form and propose a modified
pruning algorithm based on the new representation. In Section 3.5, we present ex-
tensive numerical experiments to evaluate the performance of the proposed model
and policy. Section 3.6 applies our framework to blood glucose monitoring in an ICU
and evaluates the model’s performance using real data. We conclude our work with

a discussion of limitations in section 3.7.

3.3 Model

In ICUs, while patients’ vital signs can be monitored in real-time at the bedside via
electronic monitoring systems, indicators that require diagnostic tests (e.g., glucose
level, creatinine level) cannot be directly observed, that physicians need to order di-
agnostic tests to learn the exact health status of patients (e.g., have hyperglycemia or
not). However, some of these indicators serve as key signs for some acute diseases that
require timely initiation of interventions (e.g., glucose levels for hyperglycemia, cre-
atinine levels for acute kidney disease). As noted earlier, frequent diagnostic testing
may increase patients’ financial burden and clinical risk, while the underuse of diag-
nostic tests may delay the detection of disease progression and subsequently lead to
delayed treatment. To balance the trade-off between test overutilization and delayed

treatment, we formulate it as a sequential decision model based on a discrete-time

34



belief;: m,
time lag;: 6,
i actiong: Uy =0 H
observationsyy: Fre1, Oreal

Wait ‘ “u‘ . l _
o0 »  time lagy,, =
(action=0) ~|  timelag, + 1

belief,,,
belief;: T,

time lag,;: &;

actiong: upy = 1

beliefy_1: T, ) " L

iotimelagy (16, 4 . No i 0bservaliongiy: Ver1, Uesr}

.:Icti‘:nl'tt,tl:l utt,ll .| belicf e 8 = |A] .

. i |time lagy: 6; No .

{ observation,: | beliefi,

Ve, 6 | timelag, =1
A 4

Test Clinical
Yes | (action=1) cass>y
Treatment .
Absorbing State
Yes starts

Time t Time t+1

Figure 3.1: Event Flow

finite-horizon POMDP framework.

Suppose the true value of the key indicator, which reflects a patient’s health status,
is known before the process starts. Physicians hold prior beliefs about patients’ health
status. In the following epochs, physicians have to determine whether to order a
diagnostic test to update the key indicator based on frequently updated information
and patients’ historical information. Specifically, we leverage such information to
predict the key indicator and introduce an interval to capture the uncertainty of the
prediction. Notably, the time lag from the last testing epoch could possibly influence
the prediction accuracy; therefore, we also incorporate this feature in our framework,
and we further introduce a maximum allowed time lag (i.e., patients are required
to receive at least one diagnostic test within a given time period). After observing
the predictive information, physicians will update their beliefs about patients’ health
conditions and subsequently decide whether to prescribe a diagnostic test. If a test

is ordered and the result suggests the necessity of treatment, the patient will receive
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the treatment and the system transits to the absorbing state. Otherwise, the system
state and information will be updated, and the system will progress to the next epoch
until the end of the time horizon. Concretely, we illustrate the brief event flow in
Figure 3.1 and define the notations of the POMDP model as follows.

Time horizon: t € T, where T ={0,1,2,3,...,T}.

Action space: u; € U, where U = {0,1}. u, = 1 denotes the decision to order
a diagnostic test in epoch ¢, and u; = 0 denotes the decision to wait until the next
decision epoch. Specifically, we assume that all patients receive a diagnostic test in
epoch 0 prior to their admissions into ICUs, i.e., ug = 1.

State space: Let r; denote the true value of the key indicator of patients in
epoch ¢, and we classify patients into one of Y classes based on r,. If a patient is
under treatment, we use A to denote the clinical class. Without loss of generality,
let y € ¥ = {1,2,...,Y, A} denote patients’ clinical class in epoch ¢, where class 1
represents the best health condition while class Y corresponds to the worst health
condition.

We define a patient’s state as s;, where s, € S = {(y,0)|ye € YV, & € A}.
o € A = {1,2,...,|A|} represents the time lag from the last testing epoch, i.e.,
0y = t — t*, where t* = kio,rlr};’m'}.c.’t_l{kﬂuk = 1}. Specifically, we assume that when
d; = |A|, patient will receive a mandatory diagnostic test, which is consistent with
current practice that patients are recommended to receive at least one diagnostic
test in a given time period (e.g., annual physical examination, routine blood tests
in ICUs). Note that 6 and A are completely observable, whereas y, € Y\{A} is not
completely observable.

Suppose 7 is the predefined intervention threshold, that if a diagnostic test is
conducted and finds that the patient’s true clinical class y; is not better than g (i.e.,
Y+ > ¥), physicians will intervene immediately with appropriate treatment, and the

patient state will move to the absorbing state (A, 1) in the next epoch. We assume
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that at the last epoch ¢t = T, patients will undergo a mandatory diagnostic test if
they are not in the absorbing state, i.e., ur = 1 if sy # (A, 1). We conclude that the

set of possible actions in core state s; € S (t < T) is as follows:
(

{0} ifs=(A1)

Us =Y {1}  if s # (A,1),6, = |A|

{0,1} otherwise.

Belief state: m, € II E\ {m|>>,m(@) = 1,m(i) > 0,i € Y}. m denotes the
probability distribution over the space of the patient’s clinical class. For ¢ € Y, m(4)
represents the probability that the patient’s clinical class is A in epoch t. Because
the absorbing state is observable, we have either m(A) =1 or m(A) = 0.

Observation space: As mentioned earlier, we can not know a patient’s key
indicator r; without performing a diagnostic test. However, the fluctuations of clinical
results could potentially be associated with changes in some intensively monitored
variables, such as heart rate, blood pressure and respiratory rate. Thus, we use the
changes in the frequently updated variables and rates of changes in these variables,
which reflect or partially reflect the disease progression, to predict the change in the
key indicator. Moreover, to capture the time effect of information, we also incorporate

0; into the prediction model. The prediction is based on an ordinary least squares

(OLS) model:

(:Bt — Ly )
O

where 7+ denotes the latest measurement of the key indicator prior to epoch t and ;-

f’t = f(rt*7 5“ Lyx, wt) = Ty + a//(wt — a:t*) -+ b/ + 0515 -+ d,

denotes the latest measurement of predictive variables. Based on the predicted result
7 and the predefined classification of the key indicator, we can obtain 7;, which serves
as an observation in our model. In addition, we introduce the confidence interval of
the OLS model, denoted by ci;, to measure the uncertainty of the predicted result.

We classify the uncertainty interval into |©] levels, and use 6; € © = {1,2,...,|0|}
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to denote the uncertainty level of the predictive result in epoch t, where level 1
corresponds to the minimum uncertainty level while level |O| represents the maximum
uncertainty level.

With all the information presented above, the observation space is then denoted
by O={y,0|y € Y, 6, € ©}. In summary, our approach captures the essential change
in patients’ health status by incorporating not only the changes in the frequently
updated information but also the time effect of such information. Moreover, we
include an interval in the observation space to capture the predictive ambiguity. All
these features distinguish our model from conventional POMDP models.

Transition probability: Let p(y1 = jly: = ¢,uy = u) denote the transition
from clinical class 3 to y,41 with action u,, and let p'(sy,1|s;, u;) represent the tran-

sition from state s; to s;41 with action u;. Concretely, we have

(

PWeralye) iy # A b1 =6+ 1
p/(st“|8t’ut:0): 1 ifyy = A,y =A,0141 =1

0 otherwise,

)
PWeirlye) iy # Ay <y

!

p (Sey1ls,ur =1) =<1 if (yy=Aory >y)and 1 = A, 011 =1

0 otherwise.

\
We use P j(u) = {p(yt+1 = jlyr = i,u = u)} to denote the transition matrix of

clinical class.

Information matrix: Let ¢(g, 6;|s;) denote the probability of observing g, and
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0; at the beginning of epoch ¢ given that the patient’s state is s;. Concretely,

(

1 lfyt:A,gt:A

q(Ye, Oc]s¢) = qQ( O, Oclye, 00) e # A g # A

\O otherwise.
Given a specific § = &', we use Bl-’(j,k)((S/) = {q(§ = 4,0 = kly =i,0 = §)} to
denote the information matrix.
Update matrix: Assume diagnostic tests are error-free and let g, denote a pa-

tient’s true clinical class based on the test result. Therefore, given the clinical class

is y;, the probability of observing ¥, after performing a test is

i L g =y
ly (ytlyt) =
0 otherwise.

We use L; ; = {l(y = jly = i)} to denote the update matrix.
Cost function: Suppose a patient is in state s; in epoch ¢, and an action u; is
taken. Then an immediate cost ¢;(y;, u;) will be incurred, which takes the following

form if t # T

;

d(yr) if uy =0,y # A
c(ye,w) = S k+h(y) ifu =1, # A

0 lf’yt:A,

\
and the terminal cost cr(yr) is defined as:

cr(yr) =

0 if ypr = A.

Here, k represents the cost of receiving a diagnostic test; d(y;) denotes the cost of
delaying a diagnotic test to the next epoch, and we assume d(y;) is nondecreasing in
ys, 1.e., a worse clinical class is associated with a higher delay cost; h(y;) represents
the intervention cost, which is nondecreasing in y,;. Since treatment is initiated only if

a diagnostic test is ordered and the test result indicates y; > ¢, so h(y;) = 0if y, < 7.
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In the last epoch T', if the patient’s state is A—which indicates that he/she is already
under treatment—no additional costs will be incurred; otherwise, a diagnostic test
with cost k will be ordered and the corresponding intervention cost h(yr) will be
incurred.

We use ¢;(u;) to denote the cost vector over the belief state w; € II in epoch ¢
if t < T, with the i-th element equals to ¢ (y; = i,u; = u), and ¢ to denote the
terminal cost vector with the i-th element equals to cr(yr = 7).

Belief update:

If uy = 0, in epoch ¢ + 1, given the new observation ¢;,1, ;11 and time lag d;,1,

the Bayesian update of the belief state 7r; is computed as follows:

R B; 0. (0,:1)P (u))m
Ti41 = T(T"t, 5t+17ut7 Y41, 9t+1) = ft?;:;%ifﬁfz (5t(+1t>ut§’
) ) )

where ijt+1,9t+1 (5t+1> - dlag (Bl,(l)t+179t+l) (5t+1)7 ceey BY,(?)t+1,9t+1) (5t+1)7 BA,(Z)t+1791+1)(6t+1))

and
Fe @1, Oa |00 On, we) = Ly By 01y (6141) P (we) e

= Z q(Ge1 Or1]Yes1, 0e11) Zp(yt+1|ytaut)7t(yt>,
Ye+1€Y yt€Y
which is the conditional probability of observing ;.1 and 6, given 7, ;41 and

uy. Note that the i-th element of 7,1 equals to

Q(gt+17 9t+1\yt+1 =1, 5t+1) Z p(ytﬂ = i!yt,ut = O)ﬂ't(yt>
yr€Y

Je(@es1, Ora |00, 6, uy)

If u; = 1, which indicates a diagnostic test is ordered in epoch ¢, we can observe

the patient’s true clinical class ; and update the belief state to 7,

_ ~ L; Ty
e = T(Trtagt) = %7
3 3 ft(yt|77t) .
where Ly, = diag(L,, ..., Lyg,, Lag,) and fi(Ge|m:) = 1y Lg,me = 3 Li(Gelye)me(ye) =

ytey
7¢(9¢), which is the conditional probability of observing g, if a diagnostic test is or-

dered and finds the patient clinical class is ;. Note that 7r; is a unit vector with

7:(9:) equals 1.
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Then, in epoch t + 1, the Bayesian update of the belief state is computed by
W1 = T (T, 01, ue = 1, Gip1, Op1).-

Discount factor: We use p € (0, 1] to denote the discount factor.

Optimality Equations: If a patient is under treatment (i.e., m7(A) = 1), no extra

costs will be incurred; otherwise, let Q; (7, d;, u;) denote the total expected cost and

vg(7y, 0¢) represent the minimum total expected cost of a patient. Then

Qt<7rt76t7ut = O) = C;(Ut)ﬂt +p Z Z Ut+1(77t+175t+1> : ft@t+1,9t+1’77t,5t+1>ut)

Jt41€0 0141€0

= C;(ut)ﬂ't +p Z Z Op1 (T (704, Oper, gy Grg15 Op), 6 + 1)

?)t+160 9t+1 €O

o fe(Gegr, Opa |78, O, u),

Qi(7y, 01, up = 1) :C;(ut)ﬂ't +p Z ft(gt‘ﬂ't) Z Z U1 (T (702, 01, Uty Yot Org), Opn = 1)-

g:€0 Yt4+1€0 0441 €0
ft(ﬁt+17 9t+1 |7Tft7 5t+1, Ut)
and

Ut(ﬂ't; 5t) = 12161& Qt(ﬂ'ta 5t, Ut)-

To summarize, for t < T,
(

v (7, 0¢) = { min Qi(7ry, 0, uy) i m(A) # 1,0, < |A|

u EUL

Q(7y, 04, ug = 0)  otherwise.
\

The terminal cost v(7rr) is represented by

v(mr) = epmr.
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3.4 Equivalent Optimality Equations and Modi-

fied Algorithm

In this section, we first present an alternative equivalent representation for the opti-
mality equations in Section 3.4.1, and discuss a modified incremental pruning algo-

rithm in Section 3.4.2.

3.4.1 An Alternative Representation for the Optimality Equa-

tions
POMDP is a continuous state space Markov decision process (MDP) due to infinitely
many states, and classical backward induction in MDP cannot be directly applied to
solve the problem. Pioneering work by Smallwood and Sondik (1973) show that the
value function of a POMDP is piecewise linear and concave (pwlc) with respect to
the belief space.

However, our proposed POMDP model differs from the conventional POMDP
models in two aspects. First, if a diagnostic test is performed, we need to “renew”
our belief vector based on the test result. Concretely, if a diagnostic test is conducted
in epoch t and the test result suggests a clinical class ¥, belief 7r; should be updated
fe(@elme)?

Moreover, our model considers a maximum allowed time lag |A| such that patients will

by m;, = and in epoch t+ 1, ;.1 will be updated based on 7r; rather than ;.

receive a mandatory test when § = |A|. These new features make the preservation of

pwlc property under our model remains unclear. In the following theorem, we prove

that the optimal value function in our model still preserves the pwlc property.

Theorem 3.1. Given a specific 0y, vi(7y, 8;) is pwlc with respect to m € 11; that is,
vy(my, ;) = min '7I7Tt>

~ET(dt)

where T'y(0;) is a finite set of (Y + 1)-dimensional vectors.

We next explore the benefits of including uncertainty intervals in the observation
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space. For ease of expression, we refer to the POMDP model that includes (does not
include) uncertainty intervals in the observation space as POMDP-UI (POMDP-B).
We present the structure of POMDP-B in Appendix B.1.

Theorem 3.2. The minimum total expected cost of POMDP-UI is less than or equal

to that of POMDP-B.

Theorem 3.2 demonstrates the superiority of including the uncertainty interval.
Relative to POMDP-B, POMDP-UI combines predictions and uncertainty intervals
that capture the uncertainty in patient condition, which provides another dimension
of information for real-time patient risk monitoring and gives rise to an equal or lower

total expected costs for patients.

3.4.2 Algorithm
In this part, we propose an algorithm to construct I';(é;) in the pwlc function. When
up = 0 and m(A) = 0, 41 = 0y + 1, similar to Krishnamurthy (2016).The set

I':(d,u = 0) can be constructed as follows:

R ci(u ~
Ft<5ta Uty Y41, 9t+1) = {% + pP(ut)B@t+1,9t+1(5t+1>7t+1|'7 € F1t+1(5t+1)}

Ly(6¢,ur) = @gt+1,gt+1rt(5ta U, Goy1, 0r11),

where @ denotes the cross-sum operator, and AP B consists of all pairwise additions
of vectors from these two sets.

When u; = 1, 0,11 = 1, the set I';(d;, u; = 1) can be constructed as follows:

. c(u - -
Ft<5tautaytayt+1a0t+1) = {( t< t) JFPLz}tP(Ut)B@tH,em(5t+1)’)’t+1|’)’t+1 € Ft+1(5t+1>}‘

Y +1)%0|
INRTRTIES @ng,gtHFt(&ta U, Gt Ge1 Or1)

L'y(0p,we) = @gft(@; U, Gi)-

Then T'y(d;) can be constructed as ['y(;) = Uy, ers, L't (9r, wr)-

We further present a modified incremental pruning algorithm (MIPA) to compute
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Algorithm 1 MIPA
Input: T'yy1(0i41), 041 € A
Output: I'y(6;), 5 € Ay

1: for each 6; € A; do

2: U = 0

3: for each 441 € 0,041 € © do

4: Li(6e,ue = 0, 9er1, 0p41) — prune({% +pP(ut) By, 1 0,1 (Ot+1) V417641 €
Ler1(de41)})

5: Ft((;t, Ut = 0) — prune(I‘t(ét, Ut = 0)®Ft(5t7 Ut = 0, gtJrl, 9t+1))

6: end for

7 Ft(ét) = prune(Ft((St) U Ft(ét, Uy = 0))

8: Uy = 1

9: for each g, € O do

10: for each 7411 € O,0;11 € © do

11: ) ljt((st,ut = L 9t, Je+1, Or41) — prune({% +
pLg, P(ut) By, 6,41 (Ot+1)Ye+170+1 € Ter1(0t41)})

12: Li(6s,us = 1,9¢) <— prune(I'y (0, ue = 1, 5) DT (0¢, ug = 1, Jt, Y41, O41))

13: end for

14: Ft(ét,ut = 1) — prune(Ft(ét,ut = 1)®Ft(5t,ut = 1,gt))

15: end for
16: Ft(ét) = prune(Ft(ét) @] Ft(ét, U = 1))
17: end for

[';(6;) in Algorithm 1, which is based on the incremental pruning algorithm introduced
in Cassandra et al. (1997). Note that ¢; is the time elapsed from the last test period,
so the upper bound of §; (denoted as A;) in epoch ¢ should be min{¢, |A|}. Concretely,
Ay ={1,2,...,t} if t <|A|, otherwise, A; = A.

As for the ”prune” function, since our optimal value function preserves the pwlc
property, suppose there is a 4 € I'y such that V& € II, v'm > :}'/,7'(' for all vectors
7 € T'y — {7}. Then v dominate all the other vectors in the belief space, and the
prune function would eliminate such vectors. Specifically, we introduce the following
linear programming, that if a yields a solution o < 0, then v dominate other vectors

and can be eliminated.
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maximize «
subject to (Y —7) 7™ > « vyel,—{v}
(i) >0 (AN’

3.5 Numerical Experiments

In this section, we conduct a set of numerical experiments using synthetic examples
to evaluate the performance of the proposed model (POMDP-UI). We describe the
setting and parameters in Section 3.5.1, and illustrate the main results in Section

3.5.2.

3.5.1 Experimental Settings and Parameters

Consider the status of a patient across a planning horizon of 48 hours, then T" = 48
if we use 1 hour as the decision epoch. Let r; denote the value of the key indicator
in epoch t. We adopt a random walk to mimic patients’ progression. Specifically,
we assume 1; = 1,1 + wy, where w; is a Gaussian white noise process with mean
0 and variance 1 (case with a high disease incidence rate; denoted by H-case) or
variance 0.5 (case with a low incidence prevalence rate; denoted by L-case). We
simulate 3,000 patients, for each of whom the starting rg is assumed to be uniformly
distributed on the interval [0,10). We classify patients into three clinical classes.
Patients with r < 10 are classified into normal class, i.e., y = 0; the abnormal class
y = 1 contains patients with » > 10; the absorbing class includes patients under
treatment. Specifically, we assume that a patient will receive treatment if and only
a diagnostic test is performed, and the result suggests » > 10. |A] is set to 8,
i.e., individuals have to receive at least one diagnostic test in 8 epochs. Then the
system state can be defined accordingly based on Section 3.3. The transition matrix

between three clinical classes can be estimated from the simulated data (cf. Appendix
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B.3.1 for the details), and the transition probabilities among different states can be
specified according to Section 3.3. We randomly generate the information matrices for
both POMDP-UI and POMDP-B (cf. Appendix B.3.1 for the details). We assume
delay cost d(y;) = 0 for patients with y, = 0 and d(y;) = 10 for patients with
y¢ = 1; intervention cost h(y;) = 8 for patients with y;, = 1; and terminal cost
cr(mr) = [0,30,0]. Test cost k is from the set {0,0.2,0.5,1,1.5,2,3,5}. Discount
factor p is assumed to be 1.

For ease of expression, we refer to the optimal policies derived from POMDP-UI
and POMDP-B as OP-POMDP-UI and OP-POMDP-B, respectively. We evaluate the
performance of the proposed model by comparing OP-POMDP-UI to four benchmark
testing policies with different fixed testing intervals—i.e., conducting a diagnostic test
every 2 hours, 3 hours, 4 hours, and 6 hours as policy R2, policy R3, policy R4, and
policy R6, respectively. We further compare OP-POMDP-UI with OP-POMDP-B to
examine whether there are any additional benefits to incorporating the uncertainty

interval into the modeling framework.

3.5.2 Numerical Results

We compare OP-POMDP-UI to the benchmark policies and OP-POMDP-B for H-
case in terms of multiple metrics: Number of Tests, Detection Time, and Missed
Periods. Number of Tests is the total number of diagnostic tests performed, Detec-
tion Time denotes the epoch in which the disease is detected, and Missed Periods
represents the total number of epochs during which patients are in the abnormal
state until the disease is detected. Specifically, to evaluate each policy, we count the
number of tests performed for all patients and use the average value as a proxy for
Number of Tests. We next collect the detection time of the patients detected by the
policy and adopt the average value as a measure for Detection Time. Then, we sum

up the missed periods for all individuals, including those not detected by the policy,
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and use the average value as a measure for Missed Periods.
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Figure 3.2: Trade-off between Number of Tests and Detection Time in numerical
experiments (H-case)

Figure 3.2 illustrates the trade-off between Number of Tests and Detection Time.
Note that the Number of Tests for policy R2, R3, R4, and R6 are 12.2, 8.5, 6.6, and 4.5
times, respectively; and the Detection Time for policy R2, R3, R4, and R6 are 16.7,
17.5, 18.3 and 19.1, respectively. OP-POMDP-UI is able to achieve earlier detection
with fewer tests compared with Policy R2, R3, and R4. For example, OP-POMDP-UI
can detect patients’ deterioration at time 14.9 with 4.8 tests, which reduces Number
of Tests by 60.7%, 43.5%, and 27.3%, and advances the Detection Time by 10.8%,
14.9%, and 18.6% compared with Policy R2, R3, and R4. In comparison to policy R6,
OP-POMDP-UI can advance the detection time by 22% with little sacrifice in Number
of Tests. In addition, we find that the performance of OP-POMDP-UTI is superior to
OP-POMDP-B with respect to Detection Time and Number of Tests, the observation
further addresses the benefit of considering the uncertainty of the estimation.

The trade-off between Number of Tests and Missed Periods is shown in Figure
3.3. We find that Missed Periods for policy R6, R4, R3, R2, OP-POMDP-U and the

OP-POMDP-UI is in a descending order, which is consistent with the early detec-
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tion capability discussed above. Notably, Missed Periods is 0.5 for policy R2 that
conducts a diagnostic test every 2 hours; OP-POMDP-UI can reduce Missed Periods
to 0.32 with 5.2 tests. The improvement is even greater compared with policy R3,
R4, and R6, with Missed Periods of 1.0, 1.4, and 2.2, respectively. In terms of per-
centages, OP-POMDP-UI can reduce Missed Periods by 36.0%, 68.0% and 77.1%,
and reduce Number of Tests by 57%, 38.9%, and 21.2% compared to R2, R3 and R4.
Furthermore, it can reduce Missed Periods by 85%, with a 16% increase in Number of
Tests compared to R6. Besides, we observe that the performance of OP-POMDP-UI

is superior to OP-POMDP-B with respect to Missed Periods and Number of Tests.

¢ -¥- POMDP-B
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Figure 3.3: Trade-off between Number of Tests and Missed Periods in numerical
experiments (H-case)

In summary, OP-POMDP-UI greatly outperforms four benchmark policies in
terms of Detection Time and Missed Periods. Furthermore, it enables earlier de-
tection with fewer tests compared to R2, R3, R4 and OP-POMDP-B. The results
for L-case are similar to the results we discussed above. We relegate all the relative

results in Appendix B.3.2.
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3.6 Case Study

To further evaluate the performance of the proposed model in practical environments,
we conduct a case study in this section. We apply our model to a cardiothoracic ICU
of a national hospital to optimize the prescription of diagnostic tests in blood glucose
monitoring. We introduce the background of blood glucose monitoring in Section
3.6.1, followed by the data selection process and summary statistics in Section 3.6.2.
We calibrate the model settings and parameters based on the real data in Section

3.6.3, and present the numerical results in Section 3.6.4.

3.6.1 Background
Broad observational studies (e.g., Barsheshet et al., 2006, Capes et al., 2000) have
shown that hyperglycemia is associated with higher morbidity and mortality in hos-
pitalized patients, and it’s essential to provide prompt treatment for these patients.
Langley and Adams (2007) conduct a systematic review and conclude that main-
taining normoglycaemia and treatment with insulin-based regimens is beneficial for
limiting organ damage and significantly reduces both morbidity and mortality in crit-
ically ill patients who require intensive treatments. In recent decades, point of care
testing (POCT) for blood glucose levels has developed steadily, and glucose meters
are widely used in ICUs for POCT (Tonyushkina and Nichols, 2009). In contrast to
other diagnostic tests, which require that the specimen be sent from the point of care,
followed by waiting for results, POCT yields prompt test results for patients’ glucose
levels. However, frequent testing with a glucose meter requires finger pricking and
increases patients’ anxiety and discomfort (Ong et al., 2014), while delays in testing
may lead to delayed treatment and adverse health outcomes. Thus, in this part, we
aim to investigate the optimal time to administer a blood glucose test in ICUs.

Our partner hospital recommends testing blood glucose levels every 6—8 hours

for patients not receiving insulin treatments. However, in the data, the average test-
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ing interval between two consecutive glucose tests is 4.5 hours, which indicates more
frequent orderings than the guideline. We apply the proposed model developed in
Section 3.3 to address the diagnostic overutilization problem in blood glucose moni-

toring.

3.6.2 Data Selection and Summary Statistics

Of all 5,351 ICU patients in our dataset, we first eliminate patients who didn’t have
glucose testing records and who had diabetes or hypoglycemia prior to their admission
(N = 477). Moreover, we do not consider patients who had abnormal blood glucose
levels at the first blood glucose test or who were on insulin therapy before their
first tests. (N = 551). Note that the average LOS for all patients is 3.9 days. We
further remove patients with ICU LOS longer than 10 days (N = 265), as they may
have different or complicated conditions. The data points recorded at mealtimes
are also excluded. We provide summary statistics for the study sample in terms of

demographics and clinical variables in Table 3.1.

3.6.3 Model Setting and Parameter

We next calibrate model settings and discuss the details of parameter estimation.

Time horizon: For each patient, the time horizon is from the first testing time to
the discharge time, so the time horizon differs from patient to patient. The decision
epoch is 1 hour for all patients. We use 7; = {1,2,3,...,T;} to denote the time horizon
for patient i.

State space: According to the protocol in our partner hospital, patients with
glucose levels no less than 10 mmol/L should be intervened with insulin treatment.
The cut-off point of 10 mmol/L is also in line with the medical literature (Ichai and
Preiser, 2010). Thus, we classify patients into three clinical classes: normal (glucose
level is less than 10 mmol /L), abnormal (glucose level is no less than 10 mmol /L) and

absorbing. We suppose |A| = 12, i.e., patients must receive at least one diagnostic
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Variable Mean SD Variable Count  Percentage

Demographics
Age, year 99.9 13.4  Gender: male 3,225 75.5
Weight, kg 65.5 14.7  Race
Chinese 2,840 66.5
Malay 618 14.6
Indian 344 8.1
Other 470 10.8
Clinical Variables Mean SD
HR, beats/min 83.8 15.9
RR, times/min 19.1 6.0
Temperature, °C 36.5 0.9
Sp0O2, % 98.6 3.0
Mean arterial BP, mmHg 78.6  13.9
Systolic BP, mmHg 117.8 20
Diastolic BP, mmHg 59.8 13
CVP, mmHg 9.0 5.7
GCS 128 3.8
Arterial pCO2, mmHg 403 74
Arterial pH 7.4 0.1
Arterial Sa02, % 93.3 123
FiO2, % 39.9 9.0
Urine volume, mL 42.8  82.7
Glucose, mmol/L 7.9 2.2

SD: standard deviation; HR: heart rate; RR: respiratory rate; GCS: Glasgow Coma Scale;
BP: blood pressure; CVP: central venous pressure.

Table 3.1: Summary statistics in blood glucose monitoring case

test every healf day. The system state can be defined accordingly.

Transition probability: Since the decision period is 1 hour, we extract all
glucose records for each patient and identify all consecutive tests that were performed
within 1 hour. Based on the selected data, we use maximum likelihood estimation to
derive the transition probabilities between patients’ clinical classes p(y;11 = jly: =

i,u), which is shown below.
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0.92 0.08 0 0.92 0.08 0
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0 0 1 0 0 1

Hence, p'(8;41]8¢, 1) can be easily generated according to the definition in Section 3.3.

Observation space: We adopt an OLS model introduced in Section 3.3 to con-
struct the observations. To select variables, we first perform 5-fold cross-validation
and select the combination of variables that yields the lowest average mean squared
error. Then, we incorporate all selected variables into the OLS model, and the final
model is presented in Appendix B.4. Based on the final model, we can predict the
individuals’ indicators and calculate confidence intervals for the predicted outcomes
7. If 7 < 10, the predicted outcome will be classified as normal; if 7 > 10, it will be
classified as abnormal. we further divide confidence intervals into two levels based
on the criteria of whether the confidence interval covers both normal and abnormal
classes, i.e., if the lower bound of the confidence interval is categorized as normal
and the upper bound is categorized as abnormal, then the uncertainty level is “high”;
otherwise, the uncertainty level is “low”. In addition, patients’ absorbing state can
be observed directly.

Information matrix: Based on individuals’ true clinical classes, time lags, the
predicted clinical classes and uncertainty levels, we construct the information matrices
using maximum likelihood estimation (cf. Appendix B.4 for the details).

Cost: Due to the lack of relevant data, we are unable to estimate the associated
costs. We assume a delay cost of 0 for patients with blood glucose level < 10mmol/L
and 10 for patients with blood glucose level > 10mmol/L; intervention cost of 8 for
the patients with abnormal classes and terminal cost of [0, 30, 0]. Test cost k is from
the set {0,0.02,0.05,0.1,0.2,0.5,1,1.2,1.5,2,3,5}.

Remark 1: At some epochs, our optimal policy may suggest a test action, while
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in reality, blood glucose may not be tested in those epochs. Therefore, we cannot
determine whether treatments should be initiated using incomplete real data. To
address this problem, we sample 100 groups of blood glucose levels from a normal
distribution, with the mean being the predicted blood glucose level and the standard

error being the standard error of prediction.

3.6.4 Numerical Results
We compare OP-POMDP-UI with OP-POMDP-B and the practical policy adopted

in our partner ICU in terms of Number of Tests, Detection Time and Missed Periods.

° —¥— POMDP-UI
—¥- POMDP-B
—8— practice

10

Detection Time

Number of Tests

Figure 3.4: Trade-off between Number of Tests and Detection Time in glucose mon-
itoring

Figure 3.4 illustrates the trade-off between Number of Tests and Detection Time.
The Number of Tests and the Detection Time for the practical policy is 4.1 and 10.7,
respectively. OP-POMDP-UI is able to detect patients’ deterioration at time 7.4
with 2.9 tests, which greatly reduces Number of Tests by 29.7% and advances the
Detection Time by 30.8% relative to the practical policy. It is worth noting that the
mean onset of hyperglycemia is 6.6, and OP-PODMP-UI detects the symptoms with
little delay. Compared to OP-POMDP-B, OP-POMDP-UI is able to achieve slightly

earlier detection with fewer tests. The improvement is subtle, suggesting that the
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inclusion of predictive information is capable of bringing significant benefits in this

case.

) —¥— POMDP-UI
—¥- POMDP-B
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Figure 3.5: Trade-off between Number of Tests and Missed Periods in glucose moni-
toring

The trade-off between Number of Tests and Missed Periods is presented in Figure
3.5. The Missed Periods is 5.8 for the practical policy; OP-POMDP-UI can signif-
icantly reduce Missed Periods to 0.4 with 2.5 tests. Besides, we observe that OP-
POMDP-UI outperforms OP-POMDP-B with respect to Missed Periods and Number
of Tests.

In summary, the proposed policy can achieve earlier detection with fewer tests.
Furthermore, the proposed policy can also significantly reduce the delay time in de-

tection with fewer tests.

3.7 Conclusion

The overuse of diagnostic tests is an emerging and critical problem in the development
of the healthcare ecosystem. However, the existing researches have not explicitly
addressed the overutilization problem of repetitive tests in acute diseases contexts. On

the one hand, physicians need frequently administer diagnostic tests to track patients’
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health conditions as delay in tests may lead to delay in detection and treatment, which
violates people-centric philosophy in healthcare service delivery; on the other hand,
overuse of diagnostic tests may result in financial burden and negative health effect on
the patient, moreover, it also incurs huge medical resources waste. In this chapter, we
propose a POMDP framework to optimize the prescription of diagnostic tests under
real-time monitoring contexts where people undergo frequent routine, unharmful, and
cheap medical tests. Based on the high-frequency updated clinical information, we
develop a predictive model, whose accuracy depends on the time lag of diagnostic
tests, to predict the patient’s clinical results. We further embed the predictions in
the POMDP framework for information update and decision support. We propose
a modified incremental pruning algorithm to derive the optimal policy and evaluate
the performance of the proposed model for glucose monitoring in ICUs. Our results
show that the proposed framework can achieve early detection of deterioration with
fewer diagnostic tests compared with the practical policy. The framework can also be
applied to many other health monitoring systems, especially those powered by smart
wearable health devices for acute and chronic diseases.

This chapter has several limitations. First, we have not theoretically explored the
specific value of imperfect predictive information and uncertainty intervals. Second,
we assume that the diagnostic tests for key indicators are perfect. However, in reality,
these diagnostic tests are also subject to errors. We believe it will not influence our
main insights, and we can incorporate it in our model if the relevant data is available.
Besides, in our numerical experiments and case studies, as the real cost data is not
available, we use hypothetical cost data to derive the optimal policy and evaluate the

performance of the proposed model. We leave these problems for future research.
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Chapter 4

Optimizing Initial Screening for Colorectal Cancer

Detection with Adherence Behavior

4.1 Introduction

Cancer is the second leading cause of death globally. In 2021, more than 1.9 million
new cancer diagnoses are expected in the United States (Siegel et al., 2021). Despite
that cancer is a fatal disease, cancer-related mortality has been declining steadily.
The five-year relative survival rate for all cancers has increased from 49% in 1975-
1977 to 69% in 2009-2015 (Siegel et al., 2020). Much of this reduction in mortality
can be attributed to the efforts in detecting cancers early and advances in cancer
treatment (Berry et al., 2005, Office for National Statistics, 2019). Take colorectal
cancer (CRC) as an example; the 5-year relative survival rates for CRC are 90%, 71%,
and 14% at the local, regional, and distant stages, respectively (American Cancer
Society 2020a). Starting the treatment before it progresses to advanced stages would
significantly reduce the number of death. However, early detection of cancer remains
a challenge mostly due to the asymptomatic nature of certain cancers at an early
stage. Therefore, regular public cancer screening becomes essential.

According to the World Health Organization, the aim of a cancer screening pro-

gram is to “identify individuals with abnormalities suggestive of specific cancer or
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pre-cancer who have not developed any symptoms and refer them promptly for di-
agnosis and treatment”. The targeted population is average-risk individuals without
medical history and family history of cancer. A well-designed screening guideline
would be able to effectively detect individuals at risk with the consideration of the
resulting economic costs of the screening protocol. In practice, many health systems
introduce cancer screening protocols in the form of two-stage medical tests. Examples
include screenings for CRC, breast cancer, and prostate cancer. Our study specifically
focuses on the two-stage CRC screening program.

CRC is the third most diagnosed cancer and the second leading cause of death for
cancer patients worldwide (Sung et al., 2021). It is a cancer developed from abnormal
cells in the colon or rectum. There are three CRC stages, namely local, regional and
distant stages (American Cancer Society, 2020a). Approximately 4.4% of men and
4.1% of women will be diagnosed with CRC in their lifetime (Siegel et al., 2020).
Most of the countries and regions adopt two-stage CRC screening programs for early
detection. Individuals above a certain age (e.g., 45 in the US; 50 in Singapore) are
advised to do the fecal immunochemical test (FIT) annually, followed by a colonoscopy
if any positive outcome is received from the FIT (American Cancer Society, 2020b,
Singapore Health Hub, 2011). Typically, the first stage of the screening (i.e., an initial
screening/test) uses a less invasive, less costly, but less accurate test, whereas the
second-stage tests are more invasive, more expensive, but usually considered gold-
standard with almost 100% accuracy. Having an initial screening before the gold-
standard test aims to make the screening guideline more accessible to the public,
inducing a higher acceptance level and take-up rate. Additionally, second-stage tests
would be performed on a smaller group of individuals who have already received risk
alarms from the initial test and, therefore, gives rise to a considerate economic saving.

Given that a screening program is a complex public health intervention, the design

of the initial tests would significantly affect the performance of two-stage screening
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programs. Most initial tests compare the biomarker concentrations or estimated risk
levels to a pre-specified cut-off point to report a positive or negative result. FIT
screens for occult (hidden) blood in the stool sample. The fecal-hemoglobin (f-Hb)
concentration of the sample is compared with a cut-off value (e.g., 20 pg/g for the test
kit used in Singapore) so that a concentration value higher (lower) than this cut-off
point will trigger a positive (negative) outcome. The choice of cut-off points can result
in different test sensitivity and specificity. The sensitivity of the test kit is defined as
the probability that an individual with CRC receives a positive outcome; specificity
is the probability that a healthy individual receives negative outcome. Given the
hemoglobin concentration distributions for healthy individuals and individuals with
CRC (Figure 4.1), a higher cut-off point will decrease test sensitivity and increase
specificity.

There are two forms of FIT kits adopted in practice, qualitative FIT and quan-
titative FIT. Qualitative FIT uses fixed pre-specified threshold values chosen by the
manufacturers. When it is used by the health system, only binary outcomes (positive
or negative) are reported. Quantitative FIT, on the other hand, directly reports the
values of f-Hb concentrations (Fraser, 2011). Heath systems can adjust the test cut-
off points and control the test sensitivity and specificity. It is heatedly debated in the
medical community on the different impacts of these two types of FIT kits (Fraser
et al., 2012, Allison et al., 2014b) because the selection of the initial test cut-off point
would directly impact both the effectiveness and efficiency of the two-stage screen-
ing program. Tests with higher sensitivity can detect more cancer incidences and
thus contribute to the screening effectiveness; however, higher sensitivity is usually
accompanied by lower specificity (a higher false-positive rate), leading to unneces-
sary second-stage tests and a higher economic burden. In fact, colonoscopy is an
expensive procedure, most countries do not have sufficient resources to screen the

entire target population, and in some regions, patients may suffer from long waiting
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times to get tested (Kolata, 2003, Yu et al., 2008, Hubers et al., 2020). On the other
hand, colonoscopy resource is overused within some regions because of a high rate of
inappropriate recommendations for patients with low risk (Zorzi et al., 2016, Kruse
et al., 2015, Murphy et al., 2016). Hence, many research works advocate the benefits
of quantitative tests so that health systems have higher flexibility in designing their
own FIT according to different practical considerations (Fraser et al., 2012, Robert-
son et al., 2017). According to the 5 meeting of the World Endoscopy Organization
CRC screening committee, the primary concern of the selection of the cut-off point
in the quantitative FIT test is to balance the trade-off between test effectiveness and
test efficiency (Allison et al., 2014a). For example, Spain used 20 ug/g as the cut-off
point to encourage more follow-ups from CRC patients but was experiencing pressure
on colonoscopy resource; the Netherlands has increased the cut-off point of the FIT
they used for CRC screening from 15 pg/g to 47 ug/g due to insufficient colonoscopies

(Allison et al., 2014a, Toes-Zoutendijk et al., 2020).

0.040
---- Healthy individuals
0.035 A | —— Individuals with CRC
i 71 True negative
0.030 1 i E—1 True positive
wor T
2 | gative
1 0.020 I
8 :
o !
& 0.015 I
|
0.010 A |
i
0.005 A %
e e
0.000 T £ T T rl T T T I' T T I'

10 15 20 25 30 35 40 45 50
Hemoglobin concentration

Figure 4.1: Probability density function

In addition, the actual demand for the second-stage test also depends on individ-
uals” adherence to the protocol. The screening program advises all individuals receiv-

ing positive outcomes from the initial test follow up with doctors for the second-stage
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test. However, in practice, not all individuals would comply, and in some countries,
the adherence rates are far below desired. For example, evidence from prior liter-
ature regarding CRC screening programs highlights that the adherence rate to the
second-stage colonoscopy after receiving positive FIT outcomes varies from 54.8% to
92.5% in different countries (Navarro et al., 2017). Based on the national-wide survey
(n = 3,920) we conducted in Singapore, among individuals who are tested positive
(n = 274) in the first-stage FIT, more than 28% (n = 77) did not follow up with
a colonoscopy. The challenge of low adherence to screening guidelines is well docu-
mented in the medical literature. Reasons behind the low adherence rate are related
to various behavioral factors such as the lack of knowledge about the disease and
screening, anxiety about getting bad news, etc (Bynum et al., 2012, Gimeno Garcia,
2012). More importantly, in real practice, the initial test accuracy information de-
termined by the cut-off points is revealed to the public and the public can access it
through the website or inquiring healthcare professionals. It is reported that the ini-
tial test with different cut-off points, which directly affect the accuracy of the initial
tests, would lead to various adherence behavior, possibly due to individuals’ trust on
test (Plumb et al., 2017, Lee and Lee, 2018). Therefore, it is crucial to incorporate in-
dividuals’ endogenous behavioral responses when designing the initial tests to balance
the screening effectiveness and the economic implication with a limited second-stage

test capacity.

4.1.1 Research Questions and Methodology

Despite all the discussions, no systematic approach has been proposed to address the
initial test design problem, taking all the mentioned considerations into account. In
this chapter, we aim to fill this gap by proposing an optimization framework that
selects the cut-off value in the initial screening (i.e., FIT) to balance the trade-off

between test effectiveness (i.e., detecting more cancer incidences) and the second-

60



stage test (i.e., colonoscopy) demand, considering individuals’ adherence behavior.
The problem involves two sequential decisions —the health system designs a FIT by
strategically choosing the cut-off point to maximize the number of cancer incidences
detected while controlling the colonoscopy demand; given the designed FIT, individ-
uals who received positive outcomes decide whether to follow up with a colonoscopy.

We summarize our model and methodology in Figure 4.2.

| Bayesian Persuasion Framework |

| Information Avoidance Model

FIT + Follow Yes. /.
(Determine the Colonoscopy
cut-off point) up?
R GETE

Figure 4.2: Model framework

We adopt a Bayesian persuasion framework to model interactions between the
health system and the targeted population (eligible average-risk individuals). Bayesian
persuasion paradigm proposed in Kamenica and Gentzkow (2011) is an information
model where a sender chooses a signal to reveal to a receiver, who then takes an
action that affects both players’ payoff. The sender’s problem is to maximize its
payoff by designing information shared with the receiver in the form of signals to
influence /persuade the receiver to take certain action; the receiver would choose ac-
tions that maximize his/her payoff after observing the signals. In our context, given
each individual’s prior belief of the health state (i.e., with or without cancer), the
initial test serves as a natural signaling mechanism influencing the belief updating
process. The selection of cut-off points explicitly dictates the likelihood of generat-
ing positive/negative outcomes, which, in turn, alters the individual’s posterior belief

of the health state. This would affect individual’s decision to follow up with the
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second-stage test.

To model individuals’ follow-up decisions and adherence behavior, we adopt a
novel concept well-received in the economic literature, information avoidance. A
growing theoretical and experimental literature suggests that information may di-
rectly enter the agent’s utility function. This can create an incentive to avoid in-
formation, even when it is useful, free, and independent of strategic considerations
(Golman et al., 2017). Given that the gold-standard second-stage test can confirm
the health state accurately, individuals still choose to avoid the information. Golman
et al. (2017) discuss several behavior factors that lead to information avoidance be-
havior. The most relevant ones include “optimism maintenance” and “risk, loss, and
disappointment aversion”. Optimism maintenance states that people are optimistic
about their health states and choose to hold these optimistic beliefs; those whose
beliefs conflict with the information tend to dismiss the information and question
the source’s quality or impartiality (Brunnermeier and Parker, 2005). Risk, loss, and
disappointment aversion refer to the perception that the possible perceived disap-
pointment or loss might overweight the benefit of knowing the actual health states
(Golman et al., 2017). Several utility models are proposed in the literature to capture
information avoidance behavior. In this chapter, we adopt one of the most applicable
utility models, “optimal expectation” proposed by Brunnermeier and Parker (2005)
to express an individual’s follow-up utility. Specifically, individuals’ expected utility
is a weighted summation of an objective utility and a subjective utility. The objective
utility is the expected utility with respect to the actual risk of developing cancer. The
subjective utility highly relies on an individual’s self-belief of their risk of developing
cancer and the perceived cost of follow-up, which can be significantly different from
the objective ones. When individuals are optimistic, or the perceived cost of receiving
“bad news” is high, they would not follow up with a second-stage test if they trust

their beliefs more than the objective information. In our survey data, we indeed ob-
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serve that participants’ subjective beliefs of having CRC after receiving positive FIT
outcome were significantly smaller than the posterior objective risks (with a p-value
less than 0.05), suggesting that individuals are overly optimistic about their health
status, which may lead to non-follow-up decisions. The optimal expectation model
assumes that the subjective belief is also rationally optimized to maximize the total
utility. Given that we have the leverage of obtaining the subjective beliefs from real
data, we relax this assumption and directly use the calibrated subjective beliefs.

By incorporating the information avoidance utility model into the Bayesian per-
suasion framework, we can explicitly capture the key elements of the problem of
interest. Furthermore, we conduct a nationwide survey in Singapore to study the
people’s perceptions of CRC cancer screening guideline and their adherence behav-
ior. The survey targets Singapore residents aged 50 and above. It covers various
CRC and CRC screening-related questions, including the respondents’ CRC knowl-
edge and screening awareness, risk attitude and perceptions, factors influencing their
screening adherence decisions, heath literacy, life satisfaction, etc. With other data
on demographic and personal information, we have, in total, 7,899 variables from
3,920 respondents. This large-scale survey data facilitates the learning of individuals’
subjective perceptions and calibration of the expected utility function. The optimal
screening guideline obtained from our model gives rise to insightful and practical
implications for the CRC screening design in Singapore.

Moving beyond the current practice of CRC screening, we leverage our framework
to further investigate two extensions. Firstly, the current FIT is dichotomous (i.e.,
adopting a single cut-off point that generates positive or negative test results). We
study alternative ways of reporting the first-stage test outcomes, in particular, using
multiple cut-off points to generate different degrees of risk warnings. These types of
tests are called ordinal tests, for example, a test with two cut-off points reporting three

confidence ratings for the presence of disease - high risk, medium risk, low risk. When
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the biomarker concentration value is directed reported, the tests are called continuous
tests, (e.g., the test of WBS count, and blood glucose level. We are interested to see
whether a more refined risk stratification of the FIT would bring significant benefits.
Secondly, we further explore the practice of using heterogeneous FIT kits for different
sub-populations. It has been well acknowledged in the medical domain that the
performance of the same FIT kit varies among different groups of individuals in
terms of detection rates, adherence rate, etc. The benefits of population-cased FITs
are discussed in the medical literature (Khalid-de Bakker et al., 2011, McDonald
et al., 2012, Toes-Zoutendijk et al., 2020). In this chapter, we would further explore
the optimal partitioning of the population and adopting heterogeneous cut-off points
for each sub-population. We aim for an implementable population-cased practice that

could be easily adopted by the health systems.

4.1.2 Key Results and Contributions

We summarize our main results and contributions below. Firstly, we obtain the
optimal cut-off point for the FIT by balancing the trade-off between the number of
CRC cases detected and demand for colonoscopy considering individuals’ adherence
behavior to the screening protocol. Intuitively, with a fixed adherence rate (i.e., a
fixed proportion of positive cases would follow up with colonoscopy), a high- (low-)
sensitivity FIT will detect more (fewer) CRC cases but result in high (low) demand
for colonoscopy. Cut-off selection purely depends on the health system’s cost-benefit
trade-off, and every cut-off point will give rise to a FIT on the efficient frontier.
However, via incorporating the practical observation that the individuals’ adherence
behavior endogenously depends on the design of FIT, we found that the trade-off is
more involved. A well-chosen cut-off point can detect more cancer incidences with
fewer colonoscopies. The conventional wisdom of pursuing high-sensitivity FITs that

gives rise to a huge demand for colonoscopy could backfire and detect even fewer
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cancer incidences.

Secondly, our analysis contributes to the debate in the medical domain regarding
the adoption of the quantitative test versus the qualitative test. The discussion is cur-
rently limited to qualitative arguments on the different implications of the two types
of tests. We build an analytical tool to quantify the exact benefit of the quantitative
test, which allows the health system to optimize the cut-off point. Our results fur-
ther support its adoption and provide foundations for further investigation in clinical
trials.

Thirdly, via modeling the initial test with possibly multiple cut-off points, we
obtain the optimal structure of the test. Under some technical conditions, we show
that when the health system has sufficient colonoscopy capacity and aims for all
positive cases to follow up with colonoscopy, a FIT with a single cut-off point is
optimal. This confirms the practice of using binary outcomes for the first-stage test.
Under some other technical conditions, we also find that when the health system aims
to maximize the detection rate, a continuous FIT that reports the hemoglobin values
to individuals is optimal, which implies the potential benefits a continuous test might
bring to cancer screening.

Finally, in our numerical study using the survey data of the Singapore population,
we explore the benefits of using heterogeneous FIT kits to different sub-populations.
We apply our framework to determine the optimal partitioning of the population
and obtain the corresponding optimal cut-off point for each sub-population. When
restricted to two sub-population groups, the optimal partitioning gives rise to one
group with relatively high risk, which is assigned to a high-sensitivity FIT, and the
other relatively low-risk group, which is assigned to a low-sensitivity FIT. We show
that by using two different FIT kits customized to two sub-populations, significantly
more CRC cases can be detected with fewer colonoscopies than a universal FIT test.

To obtain a practical population-based screening policy, we further apply the inter-
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pretable clustering technique to search for implementable rules in partitioning the
population. We find that by simply adopting an age-gender rule, we can recover the
optimal partition.

It is worth mentioning that CRC generally starts with a polyp, a noncancerous
growth developing in the colon or rectum’s mucosal layer (American Cancer Society,
2020a). Polyps can also be detected by a two-stage CRC screening but with relatively
low sensitivity. For instance, the sensitivity of seven different FIT brands fluctuates
from 6% to 44% (Gies et al., 2018) for polyps. In this chapter, we only focus on
applying the model framework to CRC detection, which, however, can also be gener-
alized to study both polyps and CRC detection. We present this general case as an

extension in Appendix C.6.

4.2 Literature Review and Related Studies

We divide the related studies on cancer screening into two main categories, studies
in the operations management (OM) domain and those from medical literature. This
is followed by a detailed review of the concepts and methodologies applied in our

framework, information avoidance and Bayesian persuasion.

4.2.1 Operations Research and Management Science Studies

on Cancer Screening
Designing cancer screening policies has received great attention in the OM field.
Studies are conducted to optimize the screening protocol for various cancers, such as
CRC (e.g., Erenay et al. (2014), Giines et al. (2015)), breast cancer (e.g., Ayer et al.
(2012) and Ayer et al. (2016), Cevik et al. (2018), Ayvaci et al. (2012)), and prostate
cancer (e.g., Zhang et al. (2012)). A detailed review can be found from Alagoz (2011)
and Alagoz et al. (2010).

For example, Ayer et al. (2012) built a POMDP model on the initial screening
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decisions of the breast cancer (i.e., either undergo a mammogram or wait). With the
assumption that once the initial mammogram is positive, individuals will follow up
with a perfect second-stage test (i.e., a biopsy), the authors found that individualiz-
ing mammography screening policy based on women’s risk characteristics is crucial to
maximizing the expected Quality-Adjusted Life-Years (QALYs). Erenay et al. (2014)
investigated the optimal interval of performing a colonoscopy without the consider-
ation of initial tests. With the objective of maximizing the expected QALYSs, they
developed a POMDP model and determined the optimal personalized CRC screen-
ing policy by incorporating age, gender, and risk of having CRC into the screening
decisions. Different from the above-mentioned papers, which assume unlimited test
capacity, Giines et al. (2015) further incorporated the colonoscopy resource constraint
into a dynamic compartmental model with the objectives of minimizing mortality or
incidence rates when analyzing the optimal colonoscopy allocation policy for screening
and diagnosis of colorectal cancer.

The studies mentioned above adopt multi-period decision models and aim to
design screening policies for cancer prevention and surveillance from the perspec-
tive of the optimal screening frequency and starting/ending age of underdoing biop-
sies/colonoscopies. The key decisions involve whether to perform tests at each decision
epoch, with test sensitivity and specificity fixed and given in advance. This chapter
is a high-level test design problem, and we consider adjustable test sensitivity and
specificity by optimizing the cut-off selection to balance the trade-off between test
effectiveness and screening capacity.

Most OM literature assumes perfect adherence to the guideline (Ayer et al. 2012,
Zhang et al. 2012). Erenay et al. (2014) and Ayer et al. (2016) acknowledged the issue
of imperfect adherence in designing optimal screening policy. In Erenay et al. (2014),
they numerically explored how different levels of adherence rates impact the optimal

design of screening guidelines. Ayer et al. (2016) examined the effect of imperfect
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adherence in the initial mammography test for breast cancer by formulating a new
POMDP model that sheds some light on the trade-offs inherent in different breast
cancer screening policies. They concluded that screening strategies might be adjusted
in clinical practice based on the adherence rate. However, the adherence rates remain
fixed and exogenous, and the individual’s adherence decision is disentangled from the
policy design. Unlike the literature, in this chapter, we endogenize the individual’s

adherence decision to capture the screening policy’s impact on adherence behavior.

4.2.2 Medical Studies on Screening Adherence and Cut-off

Point Selection
In screening programs worldwide, the adherence rate to colonoscopy after receiving
an abnormal FIT result is relatively low, with 65.7% in Taiwan, 58.6% in Chile, and
70.5% in France (Navarro et al. 2017, Pellat et al. 2018, Jen et al. 2018). According
to numerous descriptive qualitative studies, many factors can influence individuals’
follow-up decisions, such as economic status, education level, awareness of CRC, fear
and anxiety about the colonoscopy procedures, the embarrassment of undergoing a
colonoscopy, encouragement from family and friends, fear of being diagnosed with
cancer, concerns about the accuracy of the initial test, health literacy and lack of
assistance in making an appointment (Schneider et al. 2020, Wang et al. 2013, Plumb
et al. 2017). Various interventions have been recommended to promote individual
follow-up behaviors, such as helping individuals schedule appointments, providing
concrete education about what the colonoscopy entails, proactively communicating
costs and offering financial assistance (Schneider et al. 2020). This chapter does not
focus on understanding the reasons behind imperfect adherence or propose inter-
ventions that can alter individuals’ behavior. We aim to design the screening tests
incorporating the adherence behavior into the model leveraging the survey data. We

contribute to the medical literature by modeling the dependence between individuals’
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adherence decisions and the design of the screening guideline. We focus on using the
initial test design as a lever to improve the overall screening effectiveness considering
the strategic adherence behavior.

Regarding the selection of cut-off points, Itoh et al. (1996), Chen et al. (2007),
Wong et al. (2004), Wilschut et al. (2011) and Hernandez et al. (2014) focused on
improving test accuracy and effectiveness. These medical papers applied the existing
decision rule in selecting the cut-off point. For example, Itoh et al. (1996) proposed
three methods to find the optimal cut-off point: (1) choose the cut-off point with
the highest positive predictive value; (2) choose the cut-off point that maximizes the
sum of sensitivity and specificity (Youden’s J index); (3) choose the cut-off point
that minimizes the cost of effectiveness. The second method is widely used by re-
searchers because of its simplicity but without considering the economic impact of the
second-stage screening capacity. There are numerous studies considering the initial
test designs under the constraint of second-stage screening resources. Some papers
highlight that the policymaker can adjust the cut-off value based on the available
colonoscopies resource as required for second-stage screening, and thus, avoid overex-
tending the available endoscopic resources (Grazzini et al. 2009, Navarro et al. 2017,
Toes-Zoutendijk et al. 2020). However, these papers do not consider the impact of
individuals’ adherence behavior on the demand for second-stage tests. We propose
a holistic model to optimize the cut-off points considering the limited second-test
capacity with imperfect adherence behavior.

There are also extensive studies that recommend customized cut-offs for subpop-
ulations. By distinguishing subpopulations by age or gender, many medical papers
advocate the use of personalized cut-offs (Khalid-de Bakker et al. 2011, McDonald
et al. 2012, Toes-Zoutendijk et al. 2020). We also propose a population-based test
scheme. Our optimization model is able to analytically partition the population and

optimize the cut-off points for each sub-population.
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4.2.3 Studies on Information Avoidance Behavior

A growing literature adopts the information avoidance concept to explain/analyze an
individual’s healthcare decisions. A detailed review can be found in Golman et al.
(2017). Most recently, Li et al. (2020) discovered evidence in their field experiment for
information avoidance in the context of testing for diabetes and cancer. Several belief-
based utility models are applied to explain information avoidance. Following from Li
et al. (2020), these utility models can be divided into three categories: the optimal
expectations model (Brunnermeier and Parker 2005, Oster et al. 2013), the attention
model (Karlsson et al. 2009, Golman and Loewenstein 2018, Golman et al. 2019,
Ganguly and Tasoff 2017), and the curvature model (Caplin and Leahy 2001, Caplin
and Eliaz 2003, Kdszegi 2003, Eliaz and Spiegler 2006). All three models assume
that people derive anticipatory utility: beliefs about future events and outcomes
affect current utility. In this chapter, we borrow the optimal expectations model
to develop individuals’ utility model. The optimal expectations model allows for
self-manipulation of beliefs: Individuals can maintain biased beliefs to generate high
anticipatory utility, thus avoiding the tests. We use the survey data to calibrate
the utility function and characterize individual’s follow-up decision. Most of the
works mentioned above discuss information avoidance behavior in a conceptual way to
provide high-level insights. Our work contributes to information avoidance literature
by demonstrating its applicability in modeling the individual’s healthcare decision in
cancer screening. We use the real data to show that the information avoidance utility

model can well represent the actual screening adherence behavior.

4.2.4 Studies on Bayesian Persuasion
Kamenica and Gentzkow (2011) has a seminal contribution by posing the “Bayesian
persuasion” problem, in which a single informed principal (sender) chooses which in-

formation to collect and communicate to an uninformed agent (receiver) to motivate
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her to act in the desired way. They later extended the model to large state spaces
and multiple agents (Gentzkow and Kamenica 2016, 2017). More recently, this ba-
sic framework has been developed for different domains with applications including
price discrimination (Bergemann et al. 2015), monopoly pricing (Roesler and Szentes
2017), auctions (Bergemann et al. 2017), unobserved queuing system (Lingenbrink
and Iyer 2019), and medical testing or treatment (Schweizer and Szech 2018, Xiang
2020). Specifically, (Schweizer and Szech (2018)) studied optimal information rev-
elation scheme motivated by Huntington’s Disease. They aimed to show revealing
partial information of test outcome is beneficial compared with conventional tests,
which always report precise outcomes. Xiang (2020) focused on physician-patient
interaction in cervical spondylosis treatment decisions. She characterized this inter-
action in a Bayesian persuasion framework and test model implication using health
insurance claims data. Our work also applies the Bayesian persuasion framework to
the medical testing design; however, focusing on a concrete context of cancer screening
program design to balance the trade-off between screening effectiveness and economic
burden. Among all the known papers adopting this framework, we are the first one
using real data to showcase the applicability power of Bayesian persuasion.

Qutline of this chapter: The rest of the paper is organized as follows. Section
1.3 details the problem setup and the two-stage optimization model for the initial
test design problem. Section 1.4 presents the theoretical results of the optimal test
structure. In Section 1.5, we conduct a case study in the context of Singapore CRC
screening and evaluate the performance of the optimal initial tests. We conclude our
research by highlighting the major findings and show an outlook on future research

in Section 1.6. All the proofs are relegated to Appendix C.2.

71



4.3 Model

In this work, following the Bayesian persuasion paradigm, we propose a two-stage
optimization framework to study the initial test design problem in the context of CRC
screening. In the first stage, the health system aims to maximize the overall expected
probability of follow-up from individuals with CRC and simultaneously control the
total expected demand for colonoscopy by strategically designing the FIT. In the
second stage, based on the designed initial test, individuals’ goal is to maximize
their total expected utility by choosing whether to follow up with a colonoscopy after
receiving FIT results. For easy reference, all the notations are presented in Appendix

C.1.

4.3.1 Initial Test

Let s € S ={0,1} denote the CRC state for individuals, where s = 1 (s = 0) repre-
sents a health state with (without) CRC. We use ¢ to denote f-Hb concentration level
tested from FIT. Conditioning on the individual’s health state, ¢ follows different dis-
tributions. Let Hy(-) (Ho(+)) and hy(-) (ho(+)) be the cumulative distribution function
(CDF) and probability density function (PDF) of f-Hb concentration for individuals

with (without) CRC (Figure 4.1). Suppose the range of f-Hb concentration is [¢, (].

We assume that ho(¢), h1(¢) > 0 and are continuous in ¢ for ¢ € [¢, (].

To design a quantitative test, the health system chooses a set of cut-off points
from the feasible range [C, (]. Denote the test design decision variable as a pair
(T,Cr), where T refers to number of cut-off points selected, and Cr as the set of
cut-off point values, i.e., Cr = {c1,¢2,..,cr|c; € [(, (l,c1 < ¢y < ... < cr}. Given
(T,Cr), the health system reports the test outcome after observing f-Hb value, (.
(T, Cr) gives rise to T'+ 1 test outcomes in outcome set [ér = {0,1,2,...,T}: test

outcome is 0 if ( < ¢y, tif ¢y < ¢ < ¢p1, t € {1,2,..,T — 1}, or T if ¢ > cp.

Note that when 7" = 1, we have a dichotomous test which generates positive (1)
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or negative (0) outcomes. T > 1 corresponds to ordinal tests. We define o7 (t|s)
as the likelihood of receiving test outcome t if individual’s state is s. Given the
distribution functions of f-Hb concentrations for healthy and sick individuals, we have,
for s € {0,1}, c°7(0|s) = Hy(c1), 0T (t|s) = Hy(ciy1) — Hy(c) if t € {1,2,...,T — 1}
and 0°7(T|s) = 1 — Hy(cy). This information is announced to the public. Based
on the likelihood of receiving each test outcome, individuals will update their belief
of having cancer. Figure 4.3 gives an illustrative example of an initial test with two
cut-off points. Once (7,Cr) is determined, we can fully characterize the initial test
in terms of the test outcomes and likelihoods. We will omit the dependence on Cr in
the notations if it is clear from the context.

In practice, a well-designed cancer screening initial test should possess a property
that individuals with cancer are more likely to receive severe test outcomes than
healthy individuals. This property can be represented by the “Monotone Likelihood
Ratio (MLR)” stochastic order condition: A random variable X (with probability
mass function ¢p) is said to dominate Y (with probability mass function ) in the
sense of MLR if 23—8 is an increasing function (Eeckhoudt et al. 2011). Given that
the test outcomes of individuals with and without CRC are two random vectors of
dimension T + 1 with probability mass function ¢°7(-|0) and o7 (-|1), we define an

initial test that possesses this nice property as a “MLR-feasible” initial test.

Property 1. An initial test (T,Cr) is MLR-feasible if ZZ—EEB is increasing in t,

t € ICr,

Property 1 implies that if an initial test is MLR-feasible, then individuals with
CRC are more likely to receive severe outcomes than healthy individuals. In the rest

of this chapter, we restrict our study to MLR-feasible initial test.
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Biomarker concentration

Figure 4.3: An initial test with two cut-off points

The left curve and the right curve present PDFs of biomarker concentrations for
healthy and sick individuals. Suppose Cr = {c1, o}, where ¢; < ¢o. The test outcome
set is T°T = {0,1,2}. Based on the definition of ¢°7(¢|s), the left shaded area denotes
the likelihood of healthy individuals receiving test outcome 0, and the right one
presents the likelihood of sick individuals receiving test outcome 2.

4.3.2 Individual’s Follow-Up Problem

Individual’s belief updating process.

We consider a population of size N. For an individual i, i € {1,2,..., N}, the prior

risk of developing CRC is denoted by p?. After receiving a test outcome ¢ € T, the

risk of developing CRC is updated to pi(t) (i.e., the posterior risk) following Bayesian

updating process. Let \;(t) denote the total probability of receiving test outcome t,

e, \i(t) =a(t|0)(1 —p?) +a(t|1)p}, Vt € T,i € {1,2,..., N}. We have
NGy

pi(t) = BYOR

The following lemma establishes the monotonicity of pf(t) for an MLR-feasible initial

ie{l,2,.N}, tel.

test.

Lemma 4.1. The posterior risk of developing CRC after taking a MLR-feasible initial

test, pi(t), increases in t.

Lemma 4.1 implies that individuals have higher posterior risks of having cancer if

receiving worse test outcomes.
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Individuals’ utility model.

We denote individual ¢’s follow-up action observing initial test outcome t as a;(t) €
{0,1}, where a;(t) = 1 refers to a follow-up with the second-stage test and a;(t) =0
indicates the opposite. We use u;(s;,a;(t)) to denote the utility for individual 7 if
his/her health state is s; and the follow-up action is a;(t). Following the convention in
healthcare practice, we adopt QALYs as the performance measure of the individual’s
utility. QALYSs is a generic measure of the value of health outcomes, including both
the quality and the length of life lived. Mathematically, it is the product of the length
of life in years and quality of life, where the quality of life is measured on a scale of
0 to 1, with 1 indicating perfect health and 0 indicating death.

Adapted from the utility model in information avoidance literature (Brunnermeier
and Parker 2005, Oster et al. 2013), we construct the individual’s utility function when
making a follow-up decision as a weighted sum of an subjective utility and a objective
utility by incorporating both the subjective beliefs and objective risks of their health
status, subtracted by an expected perceived disutility of taking a colonoscopy if he/she
follows up.

Subjective utility and objective utility. We denote the weighting parameters
of subjective and objective utility by ¢; and 1—4;, respectively. Recall that individual’s
objective risk of developing CRC after receiving a test outcome ¢ from the initial test
is the posterior risk, pf(t). We define a subjective counterpart, denoted as, 7} (), to
represent individual i’s subjective belief of having CRC after receiving a test outcome
t from the initial test. Therefore, we have first two components of the total expected

utility given as follows:
0 Eluq(si, ai(t))|m7 (8)] + (L — 6:) Efui(sq, ai (1)) [p; (1))
Note that to obtain above expected utility, we need to know the individuals’ subjective

posterior belief, 77(t), for any given ¢t € I'. However, in the current practice, the

dichotomous test with binary test outcomes, i.e., t € {0,1}, is being used. In order to
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obtain the subjective belief for any initial test design with possibly more than two test
outcomes, we model individual i’s subjective belief 7f(¢) as a function of the objective
risk pi(t), i.e., wi(t) = ®(pi(t)), t € I', where function ® is carefully calibrated using
the survey data. The correlation between objective risk and subjective belief can be
well-interpreted. For instance, if an individual maintains a good (bad) lifestyle and
has a lower (higher) posterior risk of having CRC, the self-belief of having CRC is also
likely to be low (high). Moreover, in classic information avoidance literature (Oster
et al. 2013), the researchers analyze the relationship between individuals’ subjective
beliefs and objective risk and find that the optimal subjective belief is a linear function
of objective risk.

Expected perceived disutility of follow-up. There is a cost incurred if an
individual chooses to follow up and takes a colonoscopy. The cost stems not only from
the possible adverse effect from taking the colonoscopy, such as the risk of perforation
or even death, but also other personal resistance and concerns individual have towards
taking a colonoscopy and the follow-up treatment if confirmed with CRC, such as their
age, medical history, family support, trust on doctors, perception on the discomfort
and embarrassment of taking a colonoscopy, etc. We refer to the overall cost as the
“perceived disutility” of the follow-up action, denoted as d;(s;) for individual ¢ if the
health state is s;. Because it is only incurred when a;(¢) = 1, we omit the dependence
on a;(t) in the notation. If individual ¢ follows up, the expected perceived disutility
is Eld;(s;)|m$(t)]. Note that the subjective belief of developing CRC is used as the
probability distribution of s given that the disutility is an individual’s perceived factor
other than an objective evaluation.

To summarize, the total expected utility of participant ¢ for action a;(t) is given

as follows:
U(ai(t) = 0) =6; Elu;(si, a5(t) = 0)|75 ()] + (1 — 0;) Eus(si, ai(t) = 0)|p5 (t)] + €],

Ui(ai(t) = 1) =6; Elui(si, a5(t) = 1|75 ()] + (1 — 6;) Eluq(si, ai(t) = 1)|p; ()] — Eldi(s)|m5 (8)] + €.
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Where € is a random error term that captures the impact of all unobservable

factors which affect the utility of choosing action a; by individual 7.

Individual’s follow-up decision.

In the context of cancer screening, an individual’s follow-up decision does not solely
rely on the utility of different choices. For some specific test outcomes, individuals
would automatically not follow up with a second-stage test. Take a dichotomous
FIT test as an example. When an individual receives a negative outcome (0) which
indicates a by-default health state, he/she will not follow up. In the case of a positive
outcome, the follow-up decision would be made by weighing the utility of different
actions. To reflect this additional feature, we obtain the following condition that

determines individuals’ follow-up behavior.

a; t) =

Specifically, we add one additional condition that if an individual receives the best
test outcome (i.e., ¢ = 0), he/she would not follow up. Given that the total utility
Ui(ai(t)) is random, for an individual ¢ with an initial test outcome ¢, the probability

of following up with the second-stage test, f;(¢), is expressed as follows:

0 if t = 0,
filt) = (4.1)
Prob(U;(a;(t) = 1) > U;(a;(t) = 0))  otherwise.

Since the subjective belief 77 (¢) is a function of the objective risk pi(t), individuals’
follow-up probability can be written as a function of pj(¢) if t # 0. In the rest of the

paper, we denote this by function W (p{(t)).
0 if t = 0,

filt) = (4.2)
W(p:(t)) otherwise.
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4.3.3 Health System Test Design Problem

The health system’s objective is to maximize the expected follow-up probability from
individuals with CRC and control the total expected demand for colonoscopy by se-
lecting the set of cut-off points. Given Cp is the decision variable denoting a set
of cut-off points with the corresponding test outcome set I'” and likelihood set

{oCT (t|s)|t € TCT, s € S}, we formulate the health system’s problem as follows.
N

maxre, 2 ; [fi(£)oC (t[1)p] — 7 fi(t) o (¢]0) (1 — p{)] 43
s.t. fi(t) satistying (4.2)

Specifically, the first term in the objective function represents the follow-up rate from
individuals with CRC; the second term corresponds to the follow-up rate from healthy
individuals. We introduce a multiplier 7 in front of the second term to capture the
“cost” of extra colonoscopy demand from healthy individuals. Adjusting values of 7

would give rise to different levels of control over colonoscopy demand.

4.4 Optimal Initial Test Design

There are two challenges in analyzing Problem (4.3). First, the space of feasible
designs of the initial test is large, where, essentially, any value between [(, (] is a
feasible cut-off point value. Given that the health system can adopt a test with
multiple cut-off points, there are exponentially many feasible solutions even with
discretized feasible space. Secondly, the test likelihood functions ¢ and the best
response follow-up probability functions, f, are highly nonconvex.

To address those challenges, we first study two special cases and explore the op-
timal structure of the initial tests theoretically. Specifically, we investigate (1) how
many cut-off points should be utilized and (2) the optimal values of the cut-off points.
The first special case is that the health system aims to encourage all individuals re-

ceiving risk alarms to follow up with the second-stage tests. This scenario refers to

achieving a full screening guideline compliance where all individuals receiving alarms
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are not differentiated and should confirm their health status via a second-stage test.
With this goal, the capacity of colonoscopy is not a primal concern. Mathematically,
it corresponds an objective function with 7 = —1. We refer to this scenario as the
“compliance maximization case”. The second special case relates to enhancing the
screening guideline’s effectiveness by maximizing the expected follow-ups of individ-
uals with CRC. This corresponds to an objective function with 7 = 0. We call this
scenario the “effectiveness maximization case”.

For a general objective function with an arbitrary value of 7, answering how many
cut-off points should be selected is challenging. We restrict our analysis to finding
the optimal cut-off point value for a dichotomous initial test from a pre-specified
discretized set of cut-off candidates. We then solve Problem (4.3) analytically via an

integer programming reformulation.

4.4.1 Compliance Maximization Case
For most of the two-stage CRC screening guidelines in practice, individuals receiving
positive FIT outcomes are all encouraged to follow up with a second-stage test. This
guideline aims to achieve higher individuals’ compliance without differentiating these
individuals based on their potential risk of developing CRC. In this section, we par-
ticularly focus on this initiative and characterize the optimal initial test design (i.e.,
T=-1).

Specifically, we say an initial test outcome, ¢, is a risk alarm for an individual 7
if ¢ # 0. The health system aims to maximize the total follow-up probability for all

individuals receiving risk alarms (Problem (4.4)).

maxr e, é % [fi()or (I 1)pf + fi(t)ar (]0)(1 — p})] o
s.t. fi(t) satisfying (4.2)

Notice that in Problem (4.4), the follow-up probability is summed over all the test
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outcomes t € I'°r. If t is not a risk alarm, i.e., t = 0, the follow-up probability is
0. Hence, Problem (4.4) is equivalent to only maximizing the follow-up probability
of individuals receiving risk alarms. The following theorem presents the optimal

structure of the initial test.

Theorem 4.2. For the compliance mazimization case, if W (pg(t)) is concave in pi(t),

a dichotomous initial test with cut-off point value ¢ is optimal.

Theorem 4.2 confirms the current practice of adopting a dichotomous initial test.
In terms of selecting cut-off values, it is suggested in the literature that a lower cut-off
value should be applied for FIT screening to achieve a higher detection rate without
considering the high false-positive rate and the demand for unnecessary colonoscopies
(Hol et al. 2009). Our result further supplements this claim by showing that high
sensitivity FIT can be optimal under certain conditions, even considering the adverse
impact of a high false-positive rate on adherence behavior.

We also consider the case when W(:) is not a concave function and analyze the
performance of adopting the dichotomous FIT with the highest sensitivity. We found
that the performance gap between such a FIT test with the optimal test design is
bounded by a finite value measured by the “modulus of concavity” of W(-). The

detailed analysis is relegated to Appendix C.3.

4.4.2 Effectiveness Maximization Case

In this section, we examine the optimal initial test design when the health system
aims to enhance the effectiveness of CRC screening by maximizing the overall follow-
up probability from individuals with CRC. This corresponds to an objective with

7 = 0, which gives the following health system’s optimization problem.

N
maxre, », v fi(t)o (t[1)p?
i=1¢ercr (4.5)

s.t. fi(t) satisfying (4.2)
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The following theorem establishes the optimal initial test for the effectiveness

maximization case.

Theorem 4.3. For the effectiveness mazimization case, if W (pi(t)) is convex and
nondecreasing in pi(t), it’s optimal to adopt the continuous initial test which directly

report individuals’ f-Hb values.

In the proof, we establish the optimally of a continuous test by firstly show that for
any initial test with a finite number of cut-off points, the objective value of Problem
(4.5) is nondecreasing if arbitrarily adding one more cut-off point from [¢,(]. Then
we prove that if we uniformly add infinitely many cut-off points, the objective value
of Problem (4.5) converges to that of the continuous test'. We note that in practice,
continuous tests are adopted in certain health screenings (e.g., blood glucose, WBC
count). Our result sheds light on the potential benefits a continuous test might bring

to cancer screening.

4.4.3 Analytical Model for the Initial Test Design

In this section, we investigate the initial test design under a general setting where
the adjusting term 7 can take any arbitrary value. We restrict our analysis to design-
ing an optimal dichotomous initial test given a pre-specified candidate set of cut-off
points, denoted by V,, = {v1,v2, ..., vm|v; € [¢, (l,v1 < vy < ... < vp}. Apart from
tractability, the reason that we introduce a candidate set is due to practical consider-
ations. In practice, biomarker measurements usually come with precision issues, and
the displayed biomarker values are generally not continuous. In addition, professional
practitioners are likely to have a set of preferred cut-off values, and discretized cut-oft

point values are more interpretable than continuous values.

In the following content, we study the initial test designs under two different

'For the continuous CRC test, it should possess a similar property that individuals with cancer
are more likely to receive severe outcomes than healthy individuals. The belief updating process is
similar to the ordinal test. We relegate all the descriptions in Appendix C.2.3.
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settings: the universal test and the customized test. For a universal initial test, the
health system adopts a one-FIT-all test in which the same FIT kit is used for all
individuals. For a customized initial test, different subgroups of the population are

assigned to different FIT kits (i.e., FIT kits with different cut-off points).

Universal dichotomous test design

To design the universal test for all N individuals, the health system chooses one cut-
off from the candidate set V,,. We use a binary variable x; to denote whether cut-oft
value v; is selected, j € {1,2,...,m}. If v; is chosen, z; equals 1; otherwise x; equals
0. For each candidate cut-off point value, say v;, follow-up probability, fij (t) and
likelihood, o(t|s), can be evaluated. We have the health system’s design problem

formulated as an integer programming problem as follows.

max, 3" i £ oy (1R — 7o;(1[0) (1 — g2

i=1j=

s.t. Yoaj=1 (4.6)
j=1
x € {0,1}

Customized dichotomous test design

In this section, we consider customized tests for different individuals and optimize
the values of cut-off points for each test to elicit the highest objective value. Suppose
no more than L types of dichotomous tests are designed for all participants N, where
L << N. Given the candidate set V,,, we use binary variables x; to denote whether
a FIT kit with cut-off point v; is selected, and binary variable ¢;; to denote whether

the FIT kit with cut-off point v; is assigned to individual 7. The initial test design
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problem again can be formulated as an integer programming problem.

maxeg 3" i £ W)o; (1152 — 70;(10)(1 — p2)]g;

i=1j=
s.t. Z qij = 1, Vi € [N]
j=1
i z; < L (4.7)
j=1
qijng, VJE[mLZG[N]

x € {0,1},q € {0,1}
Data-driven interpretable clustering test design
Notably, the output of the customized test design gives rise to the optimal cut-off
points for L initial tests and a partition of the population into L clusters that max-
imizes the health system’s objective. However, in most cases, the obtained clusters
are not partitioned based on factors that can be easily interpreted and the partition
cannot be easily implemented.

We further propose another method that designs customized initial tests to L
sub-populations that are well-partitioned based on demographic features that are
observable to the health system. We adopt the interpretable clustering framework
(Bertsimas and Kallus 2020, Mundru 2019) which is a two-step method composed of
prediction and optimization. A decision-tree model is firstly trained using individuals’
demographic data given the cluster of each individual obtained from the customized
test design (Problem (4.7)). The obtained decision tree generates a new partition of
the population which only depends on the demographic information. The optimal
initial tests are then obtained via solving the optimal universal test model (Problem

(4.6)) for each cluster obtained from the new partition.

4.5 CRC Screening Test Design in Singapore

With increasing advocacy on CRC screening, the Health Promotion Board in Sin-

gapore launched the national CRC screening programme in July 2011 to encourage
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regular screenings for Singaporean or permanent residents (PRs) aged 50 and above
(Singapore Health Hub 2011). FIT kits are distributed free of charge at the Singapore
Cancer Society and can also be purchased through participating stores such as phar-
macy outlets at an affordable price. Individuals are taught how to collect the stool
samples and are required to return the kits within a week. Results will be ready in a
month from the submission of the kits to the testing lab, and should there be positive
results, the health system staff will contact participants and help them make an ap-
pointment with a hospital for further testing. Singapore has adopted two-sample FIT
initial test scheme where individuals are required to collect two stool samples on two
seperate days, and if at least one positive outcome is reported, a second-stage test
is recommended. Two-sample FIT scheme has been shown to increase sensitivity by
potentially detecting CRC that has been missed in one-sample FIT (Lim et al. 2020,
Chew et al. 2009). In this section, we conduct a comprehensive study to explore the

optimal initial test design in Singapore.

4.5.1 Survey and Data

The data used in our numerical study is mainly from nationwide survey data we
collected in Singapore, public data sources and related literature. In this section, we
mainly present the details of the survey data. Other relevant data will be introduced
when they are used in the model calibration.

Survey The survey was conducted through the Singapore Life Panel (SLP), a
high-frequency survey panel involving elderly participants aged from 50 years and
above, which coincides with our research target audience. Each month, the panel is
surveyed on their demographics, lifestyle, insurance information, health and probabil-
ity literacy, life satisfaction, etc. Our survey on CRC screening is an added module of
one of the monthly surveys, which consists of questions related to past CRC screening

experiences, CRC and CRC screening knowledge, perception over test accuracy, and
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factors influencing adherence behavior, etc. The participation of our survey module
is on a voluntary basis, and those who complete the whole module are rewarded with
a five-dollar voucher. The study was approved by the Institutional Review Board at
Singapore Management University.

SLP invited 7,539 participants and there is a total of 3,920 responses in our survey
module. Given that the target population of CRC screening guideline is individuals
with average risks of CRC (Ministry of Health Singapore 2020b), we exclude individ-
uals with a family history of CRC and medical history of CRC or polyps (n = 638).
Thus, we end up with a total number of 3,282 data points. Out of the 3,282 partic-
ipants, 1,400 participants have undergone FIT screening, and 202 of them have ever
received a positive FIT result. However, only 72% of the participants with positive
FIT results (n = 145) followed up with the second-stage tests.

Survey data pre-processing There are two potential issues with the survey
data, missing values and selection bias. We treat these missing values through mul-
tiple imputations using the multivariate imputation by chained equations given that
missing values accounted for less than 5% for every question. Selection bias can stem
from two sources, the initial selection of SLP, and the subsequent participation of our
survey module, which is on a voluntary basis. Given that the survey data is used
in optimizing the initial test design applied to the entire Singapore population, it is
essential to address these two sources of potential bias. For the first source, according
to Vaithianathan et al. (2018), the SLP is capable of representing Singapore’s elderly
population. We further compare the demographics of the SLP with the Singapore
census of population data (Statistics Singapore 2018), and find a close match in terms
of age, gender, marital status, ethnicity, education, labor force status, income and ex-
penditure. For the second source of selection bias, we apply a response propensity
weight adjustment introduced by Brick (2013) by taking the inverse of the estimated

propensities of the respondents.
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4.5.2 Parameter Estimation

The key inputs that need careful calibrations include f-Hb concentration distribution
functions for individuals with and without CRC, h; and hg; and individual’s follow-
up utility function, U;. Specifically, the establishment of U; requires learning of the
subjective belief of having CRC given any test outcome ¢, QALY estimation for utility
term wu;(s;, a;(t)), constructing the perceived disutility when individual i follows up,
d;(s;), and determining the weighting parameter ¢;. The specific functional forms of
hy and hg are extracted from Peng et al. (2019), as for the other variables, we present
the estimation details, and a summary of estimation methods and data required is

given in Table 4.1.

. Estimation
Parameter/ Function Method Data
mi(t) = ®(pi(t)) | Regression Survey data
. . Medical literature
Ui(a;(t)) wi (84, a;:(t)) Simulation Public data

0; . Survey data
d;(s;) MLE Medical literature

* MLE refers to maximum likelihood estimation.

Table 4.1: A summary of estimation methods and data sources

Subjective belief estimation

Recall that an initial test outcome is a risk alarm if it is not the best outcome. Given
that individuals who do not receive risk alarms will not follow up, we only need to
focus on the subjective belief estimation for those receiving risk alarms. Following
the literature (Oster et al. 2013), the linear form between the subjective belief and
objective risk is assumed. Specifically, the relationship between the subjective belief
of having CRC and objective posterior risk, i.e., 7 (t) = ®(pi(t)), is linear and same
for any test outcome ¢(# 0). Given the data pair of p* and 7* for each participant i
in our survey, we can, therefore, calibrate ® using a linear regression. The obtained

relationship is 77 (t) = 0.89 x pf(t) — 0.0042. The coefficients are significant at 1%

86



level.

Estimation of w;(s;, a;(t))

We use individuals’ expected remaining QALYs as a measure of utility, u(s, a(t)).
To obtain the expected QALY, we build a simulation model of the natural progress
of CRC for an individual with CRC screening intervention at individualized risk for
CRC, adopted from the model in Ladabaum et al. (2001).

An individual without CRC will receive the full expected remaining QALYs?.
The expected remaining QALY's vary by age and gender and are calculated via data
extracted from Singapore life table (Department of Statistics 2019). We assume the
individuals participating in the FIT are asymptomatic; otherwise, they would bypass
the CRC screening and directly consult their physicians for further treatment, and
therefore, are not our study audience. Hence, for an individual with CRC, he/she is
possibly staying in the localized or regional CRC stage. Following Ladabaum et al.
(2001), we assume that CRC cases progress from localized to regional (2 years in
each state) to distant unless symptoms lead to diagnosis and treatment. If this occurs,
patients will enter postcancer surveillance. If an individual with CRC follows up after
receiving a positive FIT outcome, they will receive cancer treatment; if not, they will
only receive treatment until the presentation of symptoms, and they may experience
natural death during the CRC progression process. Data used in calculating QALY's
for CRC individuals are from the public database and medical literature. Please refer

Appendix C.4.1 for the detailed simulation model and QALY derivation.

Utility functional form estimation
In this part, we present the estimation of the weighting parameter of the subjective

utility (i.e., d;), the perceived disutility if individuals follow up with the second-stage

2Note the follow-up decision does not affect the health individual’s QALYs calculation in this
part because the QALY loss from a colonoscopy if he/she follows up is incorporated in the disutility
function d;.
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test (i.e., d;(s;)).

0; and o-features People with different characteristics demonstrate various at-
titudes towards screening guidelines and may exhibit drastic differences in their ob-
jectivity towards test outcomes, captured by the weighting parameter 9;. We utilize
the demographics and personal characteristics data from the survey to calibrate the
heterogeneity in 6. Specifically, from a total 7,899 variables in the survey data, we
perform an initial variable selection (cf. Appendix C.4.2 for the details). We refer
to all the selected variables as d-features. Specifically, d-features contain individuals’
age, knowledge about colonoscopy, knowledge about CRC incidence rate, whether
they have private insurance, and frequency of taking FIT. ¢; is modeled as a linear
function of the d-features.

d; and d-features The perceived disutility of follow-up consists of two compo-
nents: the QALYs loss due to a colonoscopy and a perceived cost due to concerns
about the colonoscopy and treatment if detected with CRC. Firstly, colonoscopy is
accompanied by a certain risk of perforation, which may further lead to perforation-
related death. This QALYSs loss is estimated similarly to the QALYs estimation in
Section 4.5.2 with details relegated in Appendix C.4.2. Secondly, individuals generally
have various personal concerns over the follow-up decision. In our survey, we asked
individuals about the factors they were concerned about when deciding whether to
follow up. After an initial variable selections (cf. Appendix C.4.2 for the details), the
following key factors are identified, medical history, age (i.e., too old for treatment),
trust on doctors, whether they want to know health condition, price of a colonoscopy
and family support. Together with QALYs loss, all the factors are termed as d-
features. Perceived disutility is modeled as a linear function of the d-features.

Maximum likelihood estimation (MLE) of utility function. We assume
the random noises ¢! and €; follow Gumbel distribution with location parameter 0 and

scale parameter 1. As a result, the follow-up probability given positive test outcomes
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follows a multinomial logit choice model. We then perform MLE to estimate the

linear coefficients of d-features and d-features (cf. Appendix C.4.2 for the details).

Performance evaluation of the utility model

To assess the performance of our proposed utility model, we first test the capability
of our model in predicting individuals’ follow-up behavior using the average AUC
from 3-fold cross-validation as a performance measurement. Due to the imbalanced
dataset (the number of follow-ups is 145 and the number of non-follow-ups is 57), we
adopt the resampling method to generate a balanced dataset (145 follow-ups and 145
non-follow-ups). The average AUC is 0.82.

In addition, we compare the performance with a logistic regression model, which
directly predicts individuals’ follow-up behaviors using variables in the survey data.
We perform stepwise logistic regression (cf. Appendix C.4.3) for variable selection and
its average AUC of 3-fold cross-validation is 0.82, which is same as the performance
of our structural model.

Although we can employ regression models to characterize individuals’ follow-up
decisions, our utility model is superior to the logistic model in two regards. First,
using the structural model, we can capture the belief updating process and endogenize
the behavior response to the test design, which allows us to further investigate the
optimal test design. This is not achievable with a regression model. Second, we
are able to capture individuals’ information avoidance behavior and to understand
how individuals evaluate subjective and objective utility, which enables us explicitly

identify the impact of individualized factors on their adherence behavior.

4.5.3 Optimal FIT Design

In this section, we apply our framework to design FIT test kits in the context of
Singapore CRC screening given the parameters and estimates obtained. Our study

sample is the propensity-adjusted whole participant cohort. Notably, one-sample and
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two-sample FIT are widely adopted in different national screening programs. As pre-
viously introduced, the two-sample FIT is performed in Singapore as it can detect
more CRC patients relative to the one-sample test. In some other regions and coun-
tries (e.g., Taiwan, Spain), the one-sample FIT is recommended. The U.S. Preventive
Services Task Force also suggests a one-sample annual FIT screening (Robertson et al.,
2017). There is a growing debate on how many samples should be utilized in the FIT
test screening programs (van Roon et al., 2011, Goede et al., 2013). In the following,
we explore the optimal FIT design for both one-sample and two-sample cases. The
design outcomes would contribute to the performance comparison of the two cases
in terms of screening effectiveness and colonoscopy demand. For the sake of brevity,
the details of how we construct the candidate set of cut-off points are presented in

Appendix C.4.4.

One-sample FIT design
In this section, we focus on the design of one-sample FIT. We specifically study
dichotomous test design and explore the options of universal test, customized test
and interpretable clustering test.

Universal dichotomous test

We consider a population base of 10,000 individuals, of which 14.23 individuals
have CRC on expectation based on the CRC incidence rate. We obtain the optimal
universal dichotomous test for various values of adjusting term, 7, from -1 to 1. We
present the optimal cut-off point and other related performance metrics in Table 4.2.

Firstly, we observe that when the adjusting term 7 increases from —1 to 1, the op-
timal cut-off value increases, and the corresponding sensitivity (specificity) decreases
(increases). This is an intuitive result that if the follow-up penalty for healthy indi-
viduals is high, the health system should reduce the false-positive rate, which can be
accomplished by increasing the cut-off value.

Secondly, given that sensitivity (specificity) decreases (increases) as the cut-off
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Adjusting term (7) -1 -0.05 -0.02  -0.005 0 0.005 0.01 0.05 1

The optimal cut-off point, ug/g 10 13 27 31 33 35 38 50 5
Sensitivity, % 87.48 85.65  78.64 77.06 76.30 75.58 74.53 69.38 63.38
Specificity, % 84.15 89.88 98,50  99.10 99.30 99.45 99.62 99.95 100.00
Expected number of positives * 1594.98 1023.09 160.78 100.76 80.72 65.26 48.33 14.95 9.34
Expected number of positives from CRC patients* 12.45 12.18 11.19 10.97 10.86 10.76 10.61 9.87  9.02
Expected number of positives from healthy individuals*  1582.53 1010.91 149.59 89.79 69.86 54.50 37.72 5.08  0.32
Expected colonoscopy demand* 344.47  340.63 136.78 9547 7859 64.43 48.10 14.95 9.34
Expected number of follow-ups from CRC patients* 3.18 4.48 10.14  10.68 10.73 10.71 10.60 9.87  9.02

Expected number of follow-ups from healthy individuals* 341.29  336.15 126.64 84.79 67.86 53.72 37.50 5.08 0.32
* The population base is assumed to be 10,000, of which 14.23 individuals have CRC and 9985.77 do not.

Table 4.2: The optimal universal dichotomous test (one-sample FIT)

point value becomes larger, the expected number of positive outcomes from both
individuals with and without CRC decline. This trend implies that under the as-
sumption of a constant adherence (i.e., a fixed proportion of the individuals receiving
positive outcomes will follow up and demand a colonoscopy), higher test effectiveness,
which, in this case, corresponds to more positive outcomes from CRC individuals, is
always accompanied by a higher demand for colonoscopies. Each cut-off point would
correspond to a FIT kit on the efficient frontier. On the contrary, by considering
the imperfect test-dependent adherence behavior, the expected number of the actual
follow-ups from CRC individuals is not monotone. This observation is an outcome
of two opposing effects when cut-off point values change. On the one hand, FIT’s
sensitivity decreases when the cut-off point value increases, and therefore, fewer CRC
patients are detected. On the other hand, as the cut-off value increases, individuals
are more likely to follow up after receiving a positive outcome due to higher posterior
CRC risk and belief. In particular, we find that when the optimal cut-off point value
is less than 33 pg/g , the impact on follow-up probability dominates. The FIT kits in
this domain (i.e., high-sensitivity FIT kits) are no longer on the efficient frontier. A
FIT with a larger cut-off point value can detect more CRC cases with fewer colono-
scopies. When the optimal cut-off point value is higher or equal to 33 ug/g, the
impact on detection rate dominates, and the trade-off between test effectiveness and

colonoscopy demand appears. Our results shed light on the criticality of considering
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the strategic imperfect adherence behavior. The wrong assumption on constant ad-
herence rate would recommend a FIT kit with high sensitivity (e.g., cut-off point is 10
itg/g) when colonoscopy capacity is relatively sufficient. This FIT kit will essentially
fail in practice, not only by creating excessive unnecessary colonoscopy demand but
also by causing much fewer CRC cases being detected.

Customized dichotomous test

Customized FIT would provide additional flexibility to the health system in im-
proving the effectiveness of CRC screening. While adopting a large number of different
types of test kits is not practical, we explore the benefit of promoting two types of the
dichotomous FITs to two subpopulations (i.e., L = 2 in Problem (4.7)). The optimal
design of three-type case (i.e., L = 3) is also obtained with details given in Appendix
C.5.1. Table 4.3 presents the optimal two-type customized dichotomous test with the

adjusting term 7 equals 0.0063.

Cluster 1 Cluster 2 Total Cluster 1% Cluster 2¢ Total® Current practice

Number of individuals* 4022.48  5977.52 10000  4022.48 5977.52 10000 10000
Expected number of CRC patients* 9.18 5.05 14.23 9.18 5.05 14.23 14.23
The optimal cut-off point, pg/g 31 39 - - - 33 20
Sensitivity, % 77.06 74.20 - - - 76.30 81.77
Specificity, % 99.10 99.67 - - - 99.30 96.22
Expected number of positives* 43.17 23.72 66.89 35.09 45.63 80.72 389.37
Expected number of positives from CRC patients* 7.08 3.74 10.82 7.01 3.85 10.86 11.64
Expected number of positives from healthy individuals® 36.09 19.98 56.07 28.08 41.78 69.86 377.73
Expected colonoscopy demand* 43.12 23.56 66.68 35.09 43.50 78.59 227.01
Expected number of follow-ups from CRC patients* 7.07 3.74 10.81 7.01 3.72 10.73 7.21
Expected number of follow-ups from healthy individuals* 36.05 19.82 55.87 28.08 39.78 67.86 219.80

* The population base is assumed to be 10,000, of which 14.23 individuals have CRC and 9985.77 do not.
& The results are from the universal test when the adjusting term 7 equals 0.

Table 4.3: The optimal customized dichotomous test when 7 = 0.006 and L = 2
(one-sample FIT)

It is worthwhile to examine the population features of the obtained two clusters.
We present the key feature variables that differentiate the two clusters in Appendix
(Table C.6). Overall, the sub-population in Cluster 1 has more CRC individuals and

more elderly males who are of higher risks to develop CRC (National Registry of

3We present the result of 7 = 0.006 to show a case of a high follow-up rate from the CRC patients
with a low total colonoscopy demand. The performance of the test designs under different adjusting
terms is presented as efficient frontiers in the latter part of the numerical discussion (Figure 4.5).
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Diseases Office, 2015) compared with Cluster 2. This would help explain the optimal
test design for the two clusters.

We compare the optimal customized tests to the optimal universal test to show the
benefit of customization*. To facilitate the comparison, for the optimal universal test
with 7 = 0, we further get the expected number of positive outcomes and colonoscopy
demands for the same two clusters (columns with superscript ¢ in Table 4.3).

We first observe that the optimal customized test design suggests a higher sensi-
tivity FIT for Cluster 1 (adjusting the cut-off from 33 pug/g to 31 ug/g). An increase
in the FIT sensitivity will enhance the test effectiveness for this cluster that contains
more CRC individuals. In addition, due to the higher risk of developing CRC, the
sub-population in this cluster have a relatively higher follow-up probability after re-
ceiving positive test outcomes. This inherent high follow-up probability leaves room
for strategically choosing a cut-off point such that the increase in the sensitivity only
slightly reduces the adherence level (7.07 out of 7.08 v.s. 7.01 out of 7.01 in the univer-
sal test). The overall effect from a higher cut-off point benefits the test effectiveness
for this cluster.

Secondly, for Cluster 2 that contains more relatively lower risk individuals, a
lower sensitivity FIT is suggested compared with the optimal universal FIT (altering
the cut-off point from 33 pg/g to 39 pg/g). Interestingly, we not only reduce the
demand for colonoscopies but also enhances the screening effectiveness in terms of
detecting more CRC individuals. Despite the fact that we raise fewer positive cases
for CRC individuals in Cluster 2 under the customized test due to low sensitivity
(3.74 v.s. 3.85 in the universal test), the resulting lower false positive rate increases
the adherence rate (from 3.72 out of 3.85 in the universal test to 3.74 out of 3.74) for
CRC individuals. Overall, we have more follow-ups from CRC individuals (3.74 v.s.

3.72 in the universal test).

4we compare with the universal test with 7 = 0 as this case generates the highest follow-up rate

from CRC patients
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Interpretable clustering dichotomous test

We further apply the interpretable clustering method to design two customized
tests based on the clusters generated from the customized test design result. Specif-
ically, the demographic data used to train the decision tree model to predict the
individuals’ clusters include age, gender and marital status that is easily accessible
to the health system. The decision tree obtained is shown in Figure 4.4 and the av-

erage AUC of 5-fold cross-validation is 0.99, where age and gender are two important

True ~  False

?
<Ma|e.> Cluster 2

_False

splitting variables.

True

Cluster 1 N
True - ~_False

[ Cluster 1 } Cluster 2 ]

Figure 4.4: Decision tree (one sample)

We note that individuals who are male (female) and older than 60 (70) years old
are classified in Cluster 1, and the remaining individuals are included in Cluster 2. As
the elderly and males have higher risks of developing CRC, Cluster 1 contains high
risk individuals. We further observe that 94.04% (3782.91 of 4022.48) individuals who
originally belonged to Cluster 1 in the customized test design result remain in Cluster
1, and 100% (5977.52 of 5977.52) individuals who previously were part of Cluster 2
remain in Cluster 2. The decision tree based clustering which is purely based on age
and gender can recover the optimal partition in the customized test design.

For each newly generated cluster, we solve the optimal cut-off value and report
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the expected number of positive results and follow-ups in the two clusters in Table
C.8. The optimal cut-off values in the two clusters are 31 pg/g and 39 ug/g, which
are exactly the same as the ones obtained from the customized test design.

The interpretable clustering initial test design is able to propose an implementable
customized screening policy that only depends on age and gender. The partition
rule of the population is not only interpretable but also aligns with the CRC risk
profile that is well understood by healthcare practitioners. By simply partition the
population into two groups, a substantial improvement of the screening effectiveness

and efficiency can be materialized.

Two-sample FIT design

We further explore the optimal initial test design if the health system utilizes the two-
sample FIT in the screening program. Singapore has adopted two-sample FIT in the
national CRC screening programme, that a positive result will be reported once the
hemoglobin concentration in any of the two samples exceeds the pre-determined cut-
off point. We assume independence between the two FIT kits as they are collected
on two different days. Under the independence assumption, the aggregate level of
two-sample FIT’s sensitivity and specificity can be calculated. Note that we can also
incorporate any correlation between two FIT kits if relevant data is available. We
also verify that two-sample dichotomous FIT initial tests are MLR-feasible if each
test kit is MLR-feasible (cf. Appendix C.4.4).

Similar to one-sample FIT design, optimal cut-offs are obtained for the universal
dichotomous test, customized dichotomous test, and interpretable clustering test. The
optimal cut-offs are much higher than those of one-sample FIT because two-sample
test induces higher overall test sensitivity and lower specificity. The main findings
and insights are similar to those in one-sample FIT. For the universal test, a FIT with
high sensitivity is again not desirable. By considering two heterogeneous FIT kits, one

high risk group and one low risk group are identified. Furthermore, the interpretable
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clustering method shows that by simply partition the population by an age threshold
of 60, we can recover the two clusters generated from optimal customized test design.

We relegate the detailed results in Appendix C.5.2.

Practical implication
Currently, Singapore adopts a FIT test kit with the cut-off point value of 20 pg/g.
For ease of expression, we refer to the choice of 20 ug/g as the current practice.

To compare the our optimal designs with the current practice for both one-sample
and two-sample cases, we plot the efficient frontiers of each optimal design in Figure
4.5 (one point on each line represents a design for a particular adjustment term, 7).
As already discussed in previous sections, the customized tests and the interpretable
clustering tests are superior to the universal test. The customized test with three
heterogeneous test kits is superior to the customized test with two test kits, but the
benefit is modest. Should a universal test be adopted, a test with a well-chosen cut-
off point significantly dominates the current practice and achieves higher screening

effectiveness with fewer demand for the second-stage colonoscopy.

1,940
—e— Universal test

Optimal 2 subgroups
—<— Interpretable clustering test
—=— Optimal 3 subgroups
1,920 *  Current practice

1,900 /\

—e— Universal test

1,600 Optimal 2 subgroups

—<— Interpretable clustering test

—=— Optimal 3 subgroups,
+ Current practice

1,580

1,560

1,540

Expected number of follow-ups from CRC patients

Expected number of follow-ups from CRC patients

2,000
1,600 e 1,880 - *
- 1,600
1,520 1,400
1,200 1,200
1,000 x 800 *
1'500 0 20,000 40,000 1,860 0 20,000 40,000
0 10,000 20,000 30,000 40,000 50,000 0 10,000 20,000 30,000 40,000 50,000
Expected colonoscopy demand Expected colonoscopy demand
(a) One-sample FIT (b) Two-sample FIT

Figure 4.5: Trade-off between test effectiveness and test efficiency

The grey dotted line connects the cut-off points that generate the highest detection
rates under different screening designs, and all strategies that lie on the right-hand
side of this line are not on the efficient frontiers.
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To further demonstrate the benefit of optimal designs, we present the test perfor-
mance of one point on the efficient frontier for each design in Table 4.4, and compare
them with the current practice. The values presented in the table correspond to a

population base equals to the actual Singapore population.

One-sample FIT Two sample-FIT

Current  Universal test ~ Customized test — Interpretable test Current Universal test Customized test Interpretable test
practice (r=0) (7 =0.006, L =2) (1 =10.007) practice (r=0) (r=0.0035, L =2) (7 = 0.0035)

Cut-off point 20 33 31,39 31,39 20 39 37,45 37, 45
Sensitivity , % 81.77 76.30 77.06, 74.20 77.06, 74.20 96.68 93.34 93.69, 92.31 93.69, 92.31
Specifiity , % 96.22 99.30 99.10, 99.67 99.10, 99.67 92.58 99.33 99.15, 99.67 99.15, 99.67
Expected number of positives* 55,793 11,566 9,584 9,388 108,174 11,459 9,586 9,406

Expected number of positives

56 . :
from CRC pationtsr 1,668 1,556 1,550 1,549 1,972 1,903 1,901 1,900
Expected number of POSIAIVeS o1 195 10,010 8,034 7,839 106,202 9,556 7,685 7,506
from healthy individuals

Expected colonoscopy demand* 32,528 11,261 9,555 9,359 48,170 11,319 9,569 9,387
Expected number Of follow-ups 54 1,537 1,549 1,547 927 1,806 1,900 1,899
from CRC patients

Expected number of f”“‘j“"“ps 31,495 9,724 8,006 7,812 47,243 9,423 7,669 7,488
from healthy individuals

Total cost of colonoscopies for 4 gq 12.45 10.57 10.35 53.28 12.52 10.58 10.38

citizens/PRs*, million

Total cost of colonoscopies for 5o o 20.75 17.61 17.25 88.78 20.86 17.64 17.30
the government*, million

* The population base of Singapore is 1,432,897, of which 2,039 individuals have CRC and 1,430,858 do not.

Table 4.4: Performance comparision of screening designs

Regarding the one-sample FIT, our optimal initial test design result suggests an
optimal universal test that alters the cut-off point from 20 pg/g (current practice)
to 33 ug/g. This optimal test is able to identify 504 more CRC incidences and,
at the same time, reduce 21,267 colonoscopy demand from the whole population®.
In particular, one colonoscopy costs the government an average of S$1,843 in terms
of subsidizing the procedure, and an individual an average of S$1,106 (Ministry of
Health Singapore (2020a)). The reduction in the colonoscopy demand could help
the Singapore government reduce healthcare expenditure by S$39.20 million and also
save Singapore citizens/permanent residents’ spending by S$23.53 million. In addi-
tion, heterogeneous test kits tailored to different subgroups of populations could help

the health system detect 516 more CRC incidences and simultaneously reduce 22,973

®According to Statistics Singapore (2018), there are 1,432,897 individuals aged 50 and above
in Singapore. We obtained the two numbers by rescaling the results in Table 4.2 which assumes a
10,000 population base.
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colonoscopies from the Singapore population, which leads to a reduction in health-
care expenditure by S$42.34 million and a saving in Singaporean/PR, expenses by
S$25.41 million. The interpretable clustering test could help to detect 514 more CRC
incidences and reduce 23,168 colonoscopy demand, which amounts to a reduction
of government healthcare expenditure by S$42.70 million and a saving of healthcare
spending by S$25.63 million for citizens/PRs.

For the two-sample FIT, the improvement over the current practice with two-
sample FIT is also significant. We omit the details here. In addition, the two sample
FIT optimal design outperforms one-sample FIT in terms of test efficiency and test

effectiveness under specific adjusting terms.

4.6 Conclusion

In this chapter, we focus on a two-stage CRC screening program and develop an opti-
mization framework to design the initial test that balance the screening effectiveness
and efficiency considering individuals’ adherence behavior. The optimal design results
suggest that a well designed initial test would be able to detect more CRC cases with
fewer colonoscopies. Besides, we also show that adopting customized dichotomous
tests or interpretable clustering dichotomous tests for different subpopulations could
provide additional benefits.

Several interesting future research topics are worth to mention. Our work does not
consider the first-stage adherence problem that not all the individuals will take up the
intital test as suggested by the screening guideline. In practice, both the initial FIT
take rate and the repeat screening rate among FIT-negative patients are far below
desired. For instance, in one observational study, Nielson et al. (2019) show that the
proportion of FIT tests completed was 46% in the patients’ first year and 41% in
the patients’ second year. One interesting avenue to further extend our research is to

incorporate individuals’ first-stage decisions into the optimal test design. Moreover, it
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would be interesting to develop a multi-period model to investigate the optimal cut-off
point considering the repeating screening behavior among FIT-negative individuals.
Moreover, we have discussed with healthcare professionals regarding the application
of our results in real practice. With possible integration of our suvery data and clinical

data, we can future incorporate the post-colonoscopy CRC treatment into the study.
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Chapter 5

Conclusion

Promoting effective and sustainable healthcare service delivery has become critical
due to the increasing trend of the aging population, the rising incidence of various
diseases, and the surge in health care expenditures. This dissertation integrates a
combination of techniques from machine learning, optimization, game theory and
survey design to improve the real-time patient monitoring systems and population
screening programes.

Chapter 2 proposes a new framework to estimate real-time values of risk moni-
toring scores and uncertainties in risk assessment. We demonstrate that integrating
predictive information into existing scoring systems can significantly improve the
prognostic accuracy and discriminative ability on various predictive outcomes (e.g.,
24-hour mortality, 30-day readmission). The proposed approach provides the basis for
more detailed patient risk classification and decision recommendations. Moreover, the
estimates of uncertainty in patient health status can be used to trigger evidence-based
on-demand laboratory testing. It’s worth noting that our results are based on the
analysis of data from one medical center. Although the method is sufficiently generic
to improve any risk scores, the improvement may differ in other units. In addition, ex-
ternal validation and clinical tries are warranted to confirm the benefits of enhanced

risk monitoring systems. What’s more, with the advancement of natural language
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processing, image recognition, video analysis and deep learning techniques, we can
collect more data from different sources (e.g., electronic health records, spontaneous
reporting databases, mobilized health records) in different formats (e.g., text, audio,
video) to improve risk monitoring of patients. We leave these for future research.

Chapter 3 embeds the predictive model proposed in Chapter 2 to characterize the
optimal prescription of diagnostic tests in the detection of acute diseases. We theoret-
ically demonstrate that considering uncertainty in risk measurement can contribute
to lower expected costs for patients. Utilizing the data from a medical center, we
show that the proposed optimal strategy is able to advance the detection of diseases
with fewer tests in an ICU context. Several interesting future research topics are
worth mentioning. First, we can theoretically explore the specific value of predictive
information and uncertainty measures. Second, we can consider the accuracy of diag-
nostic tests and incorporate it into our framework. Moreover, since reducing overuse
of healthcare resources is a complicated and crucial issue, it is worthwhile to combine
medical practices, machine learning techniques and optimization model to further ex-
plore such problems and validate the effectiveness of the proposed frameworks using
more comprehensive healthcare data.

Chapter 4 focuses on a two-stage CRC screening program and further considers
individual behavioral factors. We establish an optimization framework with infor-
mation avoidance to optimize the initial test design, with the aim of balancing the
trade-off between effectiveness and efficiency of the second-stage screening tests. We
show that the proposed initial test design is able to detect more CRC cases with
fewer second-stage screening tests. In addition, we show that the employment of cus-
tomized dichotomous tests or interpretable clustered dichotomous tests for different
subpopulations can provide additional benefits. This chapter does not consider indi-
viduals’ adherence to the first-stage tests. Besides, it’s also interesting to develop a

multi-period model to investigate the repeating screening behavior among individuals
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receiving negative results from the initial tests. Furthermore, it is also critical to con-
sider human behavioral factors in other health screening programs and medications
(e.g., insulin therapy for diabetes, antiretroviral therapy for people with HIV). We
can further investigate these potential research topics.

To summarize, by analyzing comprehensive datasets collected from multiple sources,
this dissertation demonstrates that well-designed monitoring systems and screening
programs can benefit individuals, health care providers, and health systems by im-
proving the effectiveness and efficiency of healthcare delivery. Using more healthcare
data from diverse sources and implementing more advanced technologies in informa-
tion systems and operations management, we can further explore these directions
and come up with more evidence-based frameworks to improve healthcare delivery in

future studies.
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Appendix A

Appendix of Chapter 1

A.1 Data and List of Bedside Variables

Table A.1 summarizes the basic statistics of the laboratory test variables in our
dataset. Note that the last three test variables, urea, white blood cell (WBC) and
prothrombin time (PT), are used in the multiple organ dysfunction score (MODS)

and the logistic organ dysfunction score (LODS).

Average time interval between
two consecutive updates, hours

Median (IQR)

Creatinine, pmol/L 93 (84) 22.1
Platelets, 10°/L 175 (112) 21.3
Bilirubin, gmol /L 13 (13) 40.8
Urea, mmol /L 7.3 (5) 22.2
WBC, 10°/L 11.9 (6.5) 21.3
PT, seconds 15 (2.5) 18.9

WBC: white blood cell; PT: prothrombin time; IQR: interquartile range.

Table A.1: Summary statistics of laboratory test values of the study population

The bedside variables we considered include vital signs, results from bedside ar-
terial blood gas (ABG) tests, a set of indicators on cardiac rhythm from bedside
electrocardiograms, medication, and other readily available variables in real-time.

We categorize and list all the beside variables used below.
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Vital signs ABG Cardiac Rhythm Medication Others

Temperature (C)  Arterial pO2 Asystole Adrenaline Cumulative urine
Diastolic BP Arterial pCO2  Sinus rhythm Nor-adrenaline  GCS

Systolic BP Arterial pH Sinus bradycardia Dobutrex CVP

Mean Arterial BP  Arterial SaO2  Sinus tachycardia MV

Sp0O2 Chloride Atrial fibrillation FiO2
Respiration rate Potassium Atrial flutter Total Braden
Heart rate Sodium Heart block

Junctional rhythm
Ventricular fibrillation
Ventricular tachycardia
Paced rhythm

ABG: arterial blood gas; BP: blood pressure; SpO2: oxygen saturation (measured by pulse oximeter);
pO2: partial pressure of oxygen; pCO2: partial pressure of carbon dioxide; SaO2: oxygen saturation
(measured by blood gas analysis); GCS: Glasgow Coma Scale; CVP: central venous pressure; MV:
under mechanical ventilation; FiO2: the fraction of inspired oxygen.

Table A.2: Bedside variables

A.2 Prediction Models for Each Test Variable

Five-fold cross-validation is conducted to select the combination of bedside variables
that produces the lowest root mean squared error in predicting each test variable.
Next, the coefficients are obtained by retraining the selected model using the whole
dataset. Note that the last three test variables, urea, white blood cell and prothrombin
time, are used in the multiple organ dysfunction score (MODS) and the logistic organ
dysfunction score (LODS).

For creatinine, there are 27,872 updated data points. The cross-validated RMSE
and R-square of the model are 49.22 and 0.072, respectively.

For platelets, there are 28,936 updated data points. The cross-validated RMSE
and R-square of the model are 45.12 and 0.177, respectively.

For bilirubin, there are 6,049 updated data points. The cross-validated RMSE
and R-square of the model are 22.41 and 0.011, respectively.

For urea, there are 22,536 updated data points. The cross-validated RMSE and
R-square of the model are 3.02 and 0.123, respectively.

For WBC, there are 23,660 updated data points. The cross-validated RMSE and
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Coefficients Std. Error  p-value

ADiastolic BP -0.1143 0.0025 < 0.001***
ATemperature 1.2331 0.2377 < 0.001**
AHeart rate -1.5570 0.0022 < 0.001**
AArterial pCO2 -1.2813 0.0071 < 0.001***
AArterial pH -164.4317 7.3071 < 0.001***
AChloride -0.6080 0.0939 < 0.001**
APotassium 16.5072 0.5499 < 0.001**
ASodium -0.6707 0.1005 < 0.001**

A indicates changes in respective variable since the pre-
vious test; BP: blood pressure; pCO2: partial pressure of
carbon dioxide.

(Significance Level: 0 “***’: 0.001 “**’; 0.01 “*’; 0.05 *.")

Table A.3: Model for predicting creatinine

Factors Coefficients Std. Error  p-value

ADiastolic BP 0.1904 0.0232 < 0.001***
ARespiration rate 0.3282 0.0468 < 0.001***
AHeart rate 0.2017 0.0203 < 0.001***
AArterial pO2 -0.0558 0.0037 < 0.001**
AArterial pH -38.6486 4.7171 < 0.001**
APotassium 6.6602 0.4879 < 0.001***
ASodium -1.2316 0.1127 < 0.001**
APaced rhythm -16.0756 1.3672 < 0.001**
At 0.3428 0.0175 < 0.001**

A indicates changes in respective variable since the previous

test; BP: blood pressure; pO2: partial pressure of oxygen; At
is the time duration for two consecutive updates of platelets.
(Significance Level: 0 “***’: 0.001 “**’; 0.01 “*’; 0.05 *.")

Table A.4: Model for predicting platelets

R-square of the model are 4.08 and 0.107, respectively.
For PT, there are 3,320 updated data points. The cross-validated RMSE and

R-square of the model are 2.68 and 0.118, respectively.
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Factors Coefficients Std. Error  p-value

AMean arterial BP 0.0948 0.0289 < 0.01**
ATotal braden -0.6067 0.2210 < 0.001***
APaced rhythm 5.4178 1.5086 < 0.001**
AAtrial fibrillation 2.9466 1.6518 < 0.1
AGCS -0.4293 0.1794 < 0.05*
AArterial pO2 -0.0809 0.0463 < 0.1
AGCS/At 5.0459 3.0309 <0.1-
At -0.0157 0.0057 < 0.01*

A indicates changes in respective variable since the previous
test; BP: Blood pressure; GCS: Glasgow Coma Scale; pO2:
partial pressure of oxygen; At is the time duration for two
consecutive updates of bilirubin.

(Significance Level: 0 “***’: 0.001 “**’; 0.01 “*’; 0.05 *.")

Table A.5: Model for predicting bilirubin

Factors Coefficients Std. Error  p-value

AHeart rate -0.0179 0.0014 < 0.001*
AArterial pO2 -0.0011 0.0002 < 0.001**
AChloride -0.0204 0.0061 < 0.001*
APotassium 0.6359 0.0347 < 0.001**
ASodium -0.0656 0.0063 < 0.001***
ACumulative urine 0.0001 0.0000 < 0.001***

A indicates changes in respective variable since the previous
test; pO2: partial pressure of oxygen.
(Significance Level: 0 “***’: (0.001 “**’; 0.01 ‘*’; 0.05 *.")

Table A.6: Model for predicting urea
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Coefficients Std. Error  p-value
AHeart rate 0.0216 0.0018 < 0.001**
AArterial pO2 0.0064 0.0003 < 0.001**
AArterial pCO2 - 0.0874 0.0058 < 0.001**
AArterial pH - 19.5523 0.5817 < 0.001**
APaced rhythm 1.6318 0.1091 < 0.001**
AGCS 0.0238 0.0069 < 0.001**
At - 0.0194 0.0002 < 0.001***

A indicates changes in respective variable since the previ-
ous test; pO2: partial pressure of oxygen; pCO2: partial
pressure of carbon dioxide; GCS: Glasgow Coma Scale; At
is the time duration for two consecutive updates of WBC.

(Significance Level: 0 “***’; 0.001 “**’; 0.01 “*’; 0.05 *.")

Table A.7: Model for predicting white blood cell

Coefficients Std. Error  p-value
ADiastolic BP -0.0103 0.0014 < 0.001**
AArterial pO2 0.0033 0.0002 < 0.001***
AArterial pCO2 -0.0884 0.0004 < 0.001***
AArterial pH -11.1302 0.3955 < 0.001
AArterial SaO2 -0.0098 0.0018 < 0.001**
ASodium 0.0544 0.0048 < 0.001**
APaced rhythm 1.2264 0.0734 < 0.001***
AFiO2 0.0190 0.0018 < 0.001***

A indicates changes in respective variable since the pre-
vious test; BP: Blood pressure; pO2: partial pressure of
oxygen; pCO2: partial pressure of carbon dioxide; SaO2:
oxygen saturation; FiO2: the fraction of inspired oxygen.
(Significance Level: 0 “***’. 0.001 “**’; 0.01 ‘*’; 0.05 *.")

Table A.8: Model for predicting prothrombin time
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Appendix B

Appendix of Chapter 2

B.1 POMDP-B

In POMDP-B, the observation probability differs from that of POMDP-UL let ¢, (G+1|ye+1, 0¢41)
denote the probability of observing ;.1 given state y;.1 and time lag d;,1. Given a
specific § = &', we use BY/(8') = {¢""(§ = jly = 1,6 = &)} to denote the information
matrix. We next introduce the belief updating process and the optimality equations
for POMDP-B.
Belief update (POMDP-B):
Let f7 (9141, 0sr1|ms, 0¢41, us = 0) stand for the conditional probabilty of observing

Uip1 given 7y, 6,1 and u; = 0. Then

F @l 0, = 0) = > " (Bralter, 601) D Wi lye, we = 0)mi(y).
Ye41€Y YEY

If u; = 0, in epoch ¢t 4 1, given the new observation ;.1 and time lag d;,1, the

Bayesian update of the belief state 7r; is computed as follows:
B{]I ((5t+1)P,(Ut)7Tt

Ul ~ Yt
e = T G, s ) = ftUI(QtHH@tﬂ\m Op1,u = 0)’
where B’gil(étﬂ) = diag(BUI (8641)s ooy BIL  (6111), Bgfgt+1(6t+1)) and

1,9t41 Y, Gt+1

FE e, O | e, O, we = 0) = 1y BYT (8441) P (uy)m,

= Z QUI(?)t+1|yt+17 Ot+1) Z PWes1|Ye, ue = 0)me ().

Yt+1€Y yt€Y
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Note that the i-th element of 7,, 1 equals to

q,ﬂl(ﬂmlym =14,0141) D PWer1 = ilye, up = 0) 7 (1)
yt€Y

ftUI(:gt—l—l |7Tt, (5t+17 Uy = 0)

If u; = 1, which indicates a diagnostic test is ordered in epoch ¢, we can observe

the patient’s true clinical class 7, and update the belief state to 7; = %, Then,
t t|ht

in epoch t 4 1, the Bayesian update of the belief state is computed by
Tl = TUI(7~Tt, Ot41, Ut Yeg1)-
Optimality Equations (POMDP-B): If a patient is under treatment (i.e.,
7(A) = 1), no extra costs will be incurred; otherwise, let QV! (7, &;, u;) denote the
total expected cost and vY!(m;, d;) represent the minimum total expected cost of a

patient. Then

V(s S, = 0) = ey (u)m+p Y o (menn, 6ea) - f7 G|, G, )

Jt4+1€0
= C;(ut)ﬂ't +p Z vl (T (7, Sgrs e, Gen), 00+ 1) - f7 (G701, 0rn, i),
Jt41€0
Q7 (7, 0y up = 1) :C;(Ut)ﬂ't +p Z JiUI(?]t’Wt) Z Ug-fl(TU[(ﬁta(Stﬁ-l,Utaf&tﬁ-l)v&t—}-l =1)
7:€O Jt+1€0

’ ftUI(?)t+1|77"t> 5t+17 Ut)

and

o (7w, ) = lfflelll}t Q7" (71, 6, uy).

To summarize, for t < T,
(

Uij[(ﬂ'hét) = min ngl(ﬂ't,ét,ut) if 7Tt(A) 7é 1,(5,5 < |A’

u €U

Yl(,, 6, us = 0)  otherwise.
The terminal cost vY!(7wr) is represented by

UI(

/
v () = epTr.
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B.2 Technique Proofs

B.2.1 Proof of Theorem 1.

We prove Theorem 1 using backward induction.

(i): First, we prove vr () is pwlc with respective to 7r.

Note that vp(mwr) = cpmp. Let T'p(d7) = {er} for ¥or € A. Then v(ny) =
. g%iTr(léT) ~p7p, which is pwlc with respect to the belief state 7.

(ii): Second, we prove that for t € {1,2,...,T — 1}, if vyyq (711, 0a1) is pwlc with
respect to 741, then vy(7y, 0;) is pwle with respect to .

Suppose Vi1 (71, 0e11) is pwle with respect to iy, i€ v (a1, 0ir1) =
'yt+1€IFI:i+Ill(6t+1) Vi1 Tt+1-

(a): If m(A) =1, then I'y11(0411) = 0, I'¢(6;) = 0, so the conclusion holds.
(b): If uy = 0 and m(A) = 0, then d;y1 = d; + 1, we have

Qt(ﬂ'ta(staut) :C;(Ut)ﬂ't +p Z Z Ut-i-l(T(Trta(St—i-l;ut»?)t—i—laet—i-l)aét—i-l) : ft(gt+1>9t+1‘7"t>5t+laut>

Jt+1€0 0,41€0

/
0041 (Op41) P (ug) A
=c; (ug)m, + p E E Ut+l(fyt+1 t+61 o u),(5t+1> Je(Ger1, Oria |00, Opn, up)
Jt4+1€0 0141€0 tyt+1, 1417, Ot+1, Ut

—Ct ug) Ty + Z Z min P’7;+1B@t+1,9t+1(5t+1)]3

Yi+1 €41 (0e41)
Jt41€0 0141€0

/

(ur) 7

/

Ct(ut> ~
E E —————— + pP(u)By,., 0,., (0 ) T,
‘Yt+1€Ft+1(5t+1) <(Y + 1)|@| P ( t) G20 H( t+1)7t+1 !

9t+1€0 0141 €0
which is a summation of finite pwlc functions, so Qq(7y, oy, uy) is pwlc.
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(c): If uy =1, then 6,41 = 1, we have

Qt(ﬂt75taut) :C;(ut)ﬂ't +p Z Z Z vt—i—l(T(ﬁ-ta5t+17utagt+170t+1)75t+1)

Gt€O0 §1+1€0 0141 €0

) ft(gt—l—ly 9t+1|7~"t7 5t+1a Ut)]gt@tht)

L0 (Or1) P (ug) 7
_Ctutﬂ't—FPZ Z Z Ut-‘rl yt+’9+(t+1> ()71 7 )

Ot
+1
G1EQ §141€0 0141 €0 Fe(Gerrs O |70, Oy we )i (5)

- fiGers O |71, Oy, wr) - fi(ie|7e0)

/

. By S141) P (uy)7
fct Ut Trt —'— p Z Z Z mln ,Yt _ yt+179t+1 <~t+1) (ut)Trt

+1 =
€ly1(6 Oy 1|70, O Uy )T

- Fi(Ge1s O |71, Oy, we) - fi(ie|7e0)

—Ct ut T+ p Z Z Z min 7;+1Bgt+1,9t+1 (5t+1)P/(ut)

Ye+1€0 41 (0¢41
€O Ut4+1€0 04 41€0 + + )

L.m .

ye It !

1/ i/ : 1Y+1Lgtﬂ-t
y+149:. T

e (u - . ,
- Z Z Z ( t( tg + pLﬂtP(ut)BQt-‘-hezﬂ (5t+1)7t+1) Ty,

9€0 G141€0 041€0 7t+1ert+1 (0t+1) (Y + 1) ’@’

which is the summation of finite pwlc functions, so Q¢(7¢, d, u) is pwlc. In addition,
since vy (7w, 0;) = miLrll Q+(74, 0¢, uy) and the minimization preserves the pwlc property,
ut €U

so vy(my, &) is pwlc with respect to 7. O

B.2.2 Proof of Theorem 2.

We aim to prove that given specific m; and 8y, vy(7vs, §;) < V! (7, 8;). Specifically, we
prove it by backward induction.

(i): When t = T, v(np) = vV (77) = epmyp.

(ii): For t € {1,2,...,T — 1}, suppose ve1 (i1, 0p41) < v (7441, 6¢11). We next
prove vy (s, 0;) < v (74, ;).

If Ut:O,

Qt(ﬂ-ta ¢, Ut) = C;(Ut)ﬂ't +p Z Z Ut+1(T(7rta 5t+1, Uty Yit1, 0t+1)> o + 1) : ft(fgt+17 9t+1|77t7 5t+1, Ut)

9t+1€0 0;41€0

(B.1)
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and

QY (01, 61, w) = ¢, (ur)mwi + p Z UtUJrI1(TUI(7Tt, Orrs s Gos1)s 8 + 1) - f T (Gear |70, O, ).

Ji+1€0
(B.2)

Since

fe(Ges1, Ora |00, Opprs i) = Z q(Ge+15 O |Yes15 Oe1) Z PWer1|Yes we = 0) i (ye)
Yt+1€Y yey

(B.3)

and

ftUI@t+1|7Ft7 Ot1, Ut) Z QU](?Qt+1|yt+17 Ot+1) Z PWealye, ue = 0)mi(ye),  (B.4)

Yt+1€Y yt€Y

under these two models, "7 (Jr41|ye11,0e41) = D, qUes1, Oga|Yes1, Org1); thus,
0:+1€0

given the exactly same 7, d;, and u,, patients should have equal probability of ob-

serving ys4+1 in epoch ¢ + 1, that is

ftUI(ﬁt+1|7Tt,5t+1,Ut): Z ft(Ges15 O |7, O, ). (B.5)

0:4+1€0
Recall that the i-th element of T'(7y, dyy1, Us, Yii1, 0r41) equals
Q(@t+179t+1‘?/t+1 = i>5t+1) Z p(yt+1 = i‘ynut)ﬁt(yt)

yt€Y
1 B.6
ft<yt+17et+1|ﬂ-t,6t+17ut) ( )

and the i-th element of TY! (7, §;,1, us, §r41) equals

QN (Ges1lyesr =4, 0041) Y. (W1 = 8y, w)me(ye)

yt€Y
1 . B.7
T2 (Gega |7, 0pgr, we) (B.7)

Let a(i) = ft(t%t,?lxgt“|"t’5t“’“t). According to Equality (1), > «(i) = 1. Since the

Dt41|70¢,0041,ut)

€0
i-th element of > «(i)T (7, dps1, Ut, Yit1, Ori1 = @) equals
€0
> Q(Uer15 Ori1 | Y1 = 05 6041) Do D1 = | ye, we) T (ye)
i€O Yt €Y

ftUI(QtH |7Tt, 6t+17 Ut)

" (Gealyerr = 1, 0041) 2 PWer = ilye, ue)me(ye)
yt€Y

ftUI@tJrl ‘7"167 Ot41s Ut)

Which is also equal to the i-th element of TY! (7, 0;41,us, §ey1). Thus,

Z a(i)T (e, Orpr, ur, Grgrs Orar = 1) = TV (70, G, e, Gy
ico
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According to the concavity of @), we have

Z Ut+1(T(7Tt, Ott1, Ut, Yev, 9t+1), 0y + 1) : ft(?ﬁtﬂ, 9t+1|7"t7 Ot41, Ut)
9t+1€@

ftUI@tJrl |7Tt7 Ot41, Ut)
T(T"t, Ott1, Ues Yet, 9t+1) ’ ft(§t+17 011 |7Tt, Ot41, Ut)
ftUI(QtH |7Tt, Ot41s Ut)

<wvpp( 0+ 1)

:Ut+1(TUI(7"t7 415 Uty Yog1), 0 + 1)

— Z Ut+1(T<7rt7 Ots1, Ut, Uit 1, 9t+1>7 o + 1) : ft(gt+17 9t+1\7l't7 Ot41, Ut)
0t+1€0

< v (T (04, Spgrs g, Gewn ), 0+ 1) - f7 (Goa |02, G4, ).

Since vyi1(Tip1,0p41) < vlffl(TrHl,ét_H), 50 Vet (TYE(7s, Opprs s, Geg1), 0 + 1) <
o (TYH (g, Opy1, ug, Gev), 0 + 1), According to Equality (B.1) and Equality (B.2),
Qi (s, 6, us = 0) < QYL (s, 8, us = 0) holds.

Similarly, we can prove that Q(ms, 0, us = 1) < QVI(my, 0y, us = 1) (the proof
is similar and therefore ommited). Then based on the definition of v(7,d;) and

oY1 (7, 6;), we finally reach the conclusion that vy (7, &;) < V! (7, 6). O

B.3 Numerical Experiments

B.3.1 H-case

The transition matrix between the clinical classes are presented as follows:

0.94 0.06 0 0.94 0.06 0
Plu=0)=1 009 091 0 [, Pu=1)=| 0o o0 1
0 0 1 0 0 1
The information matrices for POMDP-B are shown as below:
091 0.09 0 0.83 0.17 0
B(é=1)=| 010 090 0 [.B(6=2)=| 019 081 0 |,
0 0 1 0 0 1
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B.3.2 L-case

The transition matrix between the clinical classes are presented as follows:

0.98 0.02 0 0.98 0.02 0
Plu=0)=1] 010 090 0 |,Plu=1)= 0 0 1
0 0 1 0 0 1

The information matrices of POMDP-B and POMDP-UI are the same as those
in the H case.

The trade-off between Number of Tests and Detection time and the trade-off
between Number of Tests and Missed Periods are presented as follows (Table B.1).

The insights are similar to those in the H case, and we omit the discussion.

—¥- POMDP-B

¢ —¥- POMDP-B ¢
=~ POMDP-UI =~ POMDP-UI
2 Policy R2 08 Policy R2
—&— Policy R3 —&— Policy R3
A —A— Policy R4 —A— Policy R4
* —4— Policy R6 —4— Policy R6

19

Detection Time
"
®

17
0.2

5 10 15 20 25 30 35

5 10 15 20 25 30 35
Number of Tests

Number of Tests

Figure B.1: Trade-off between Number of Tests and Detection time and trade-off
between Number of Tests and Missed Periods in numerical experiments (L-case)

B.4 Case Study

B.4.1 Prediction Models for Blood Glucose Level

The regression model for blood glucose level is presented in Table B.1.
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Coefficients Std. Error  p-value
ADiastolic BP -0.01 0.00 < 0.001***
ATotal Braden -0.06 0.01 < 0.001*
AGCS 0.02 0.01 < 0.001**
AHeart Rate 0.01 0.00 < 0.001***
AChloride -0.03 0.00 < 0.001**
AArterial pCO2 -0.03 0.00 < 0.001***
AArterial pH -7.24 0.31 < 0.001**
AArterial SaO2 0.01 0.00 < 0.001**
AFiO2 -0.02 0.00 < 0.001***
At -0.01 0.00 < 0.001**

A indicates changes in respective variable since the pre-
vious test; BP: Blood pressure; pCO2: partial pressure of
carbon dioxide; SaO2: oxygen saturation; FiO2: the frac-
tion of inspired oxygen; At is the time duration for two
consecutive updates of blood glucose level.

(Significance Level: 0 “***’: 0.001 “**’; 0.01 “*’; 0.05 *.")

Table B.1: Model for predicting blood glucose level

B.4.2 Information Matrices

The information matrices for POMDP-B are shown as below:

0.95 0.05 0 0.89 0.11
Bé=1)=1| 035 065 0 |,B(0=2)=]| 027 0.73
0 0 1 0 0
0.88 0.12 0 0.85 0.15
B(6=3)=1| 034 066 0 |,B(6=4)=1] 033 067
0 0 1 0 0
0.88 0.12 0 0.90 0.10
B(o=5)=1| 046 054 0 |,B(6=6)=| 048 0.52
0 0 1 0 0
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0.92 0.08 0
B(6=T7)=1] 064 036 0

0 0 1

0.95 0.05 0

B(e=9=] 05 05 0

0 0 1

\B(5

,B(6 >=10) =

0.96 0.04 0
0.79 021 0

0 0 1

Y

097 0.03 0

0.59 041 0

0 0

The information matrices for POMDP-UI are shown as below:

0.95 0.00 0.04 0.01
0.34 0.01 0.64 0.01

0 0 0 0

0.87 0.01 0.12 0.00

0.33 0.01 0.64 0.01

0.88 0.00 0.12 0.00

0.46 0.52 0.02

0.92 0.00 0.07 0.01

0.63 0.01 0.34 0.02

0.94 0.01 0.04 0.01

045 005 05 O

0 0 0

0
0
1
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059 0

0 0

1
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Appendix C

Appendix of Chapter 3

C.1 Notations

The notations we used in the model is summarized in Table C.1.

Notation

Description

Initial test

se S={0,1}

¢

€, ¢]

Hi() (Ho("))

ha(+) (ho(+))

T

Cr ={c1,c2,..,crlcs € [(, (le1 <ep <
(Tch)

r‘r ={0,1,2,...,T}

oCr (ts)

L < CT}

Individuals’ CRC state, where s = 1
(s = 0) represents a health state with
(without) CRC

f-Hb concentration level tested from
FIT

The range of f-Hb concentration

The CDF of f-Hb concentration for in-
dividuals with (without) CRC

The PDF of {-Hb concentration for in-
dividuals with (without) CRC
Number of cut-off points selected

The set of cut-off point values

Initial test design

The set of test outcomes if the initial
test design is (T, Cr)

The likelihood of receiving test out-
come t if individual’s state is s and the
initial test design is (T,Cr)
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Individual’s follow-up problem

N
ie{l,2,..,N}
Ai(t)

Population size

Individual index

The total probability of receiving
test outcome t for individual ¢
Individual ¢’s prior risk of developing
CRC

Individual ¢’s posterior risk of devel-
oping CRC given test outcome ¢
Individual #’s subjective belief of
having CRC given test outcome ¢
Individual i’s follow-up action given
test outcome ¢, where a;(t) = 1
refers to a follow up with the second-
stage test; a;(t) = 0, otherwise.

The utility for individual ¢ given
CRC state s; and follow-up action
a;(t)

Perceived disutility of the follow-up
action for individual ¢ with health
state s;

A random error term that captures
the impact of all unobservable fac-
tors that affect the utility of choos-
ing action a; by individual ¢

An adjusting term that captures the
“cost” of extra colonoscopy demand
from healthy individuals

The probability of following up with
the second-stage test for an individ-
ual ¢ with an initial test outcome ¢
Function capturing the relationship
between 77 (t) and p§(t) when t # 0,
e, w3 (1) = O(p; (1)

The probability of following up with
the second-stage test for an individ-
ual ¢ with an initial test outcome ¢ if

t#£0

Analytical model

Vi = {01, 02, ..., vm|v; € [(,(],v1 <2 < ... < Uy}

W(p; (1))

A pre-specified candidate set of cut-
off points

The probability of following up with
the second-stage test for an individ-
ual ¢ with an initial test outcome ¢ if

t#£0
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Tj A binary variable that denotes whether cut-off value v; is selected, where z; = 1
if v; is chosen; x; = 0, otherwise.

7 (t) If v; is chosen, the probability of following up with the second-stage test for an
individual ¢ with an initial test outcome ¢

o;(tls) The likelihood of receiving test outcome t if v; is chosen given individual’s state

is s
L The maximal number of test types
ij A binary variable that denotes whether the FIT kit with cut-off point v; is

assigned to individual ¢

Table C.1: Model notation

C.2 Technique Proofs

C.2.1 Proof of Lemma 4.1.

Since
(1) o(t[1)p? o(t|1)p? )
p’i = = = p s
M) GO — o)+ o]~ 21— ) +
according to Property 1 that for MLR~feasible test, Zg}ég increases in t, we conclude

that pf () increases in t. O

C.2.2 Proof of Theorem 4.2.

We prove this theorem via two steps: (1) we first prove that when W (-) is concave in
pi(t), a dichotomous test is optimal; (2) we then prove that the optimal cut-off point
value is ¢.

Let (T, Cr) be an initial test that has more than one cut-off point. That is 7" > 1
and Cr = {c1, ¢, .., cr|cs € [g, (],c1 < ¢a < ... < er}. The corresponding test outcome
set is T°T = {0,1,2,..., T} and the likelihood of receiving test outcome t given state
s;is o7 (t|s;), t € TC7 s; € S.

Let A’ (t) denote the total probability of receiving test outcome ¢, i.e., A7 (t) =

o7 (t0)(1 — p?) + o7 (¢[1)pY. Then for an individual i, the expected following up
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probability under (T',Cr) is

DML = >, NTOWE®). (C.1)
tercr teTCT\{0}
Consider another initial test that has one cut-off point, and the value is ¢;. That

is T =1, C, = {c;1} and T = {0,1}. By construction, we have ¢ (0]s;) =

oCr(0]s;), 0% (1]s;) = 52 07 (t]s;). Let A°'(5) denote the probability of receiving
tercr\{0}
test outcome j (5 € T9), then A1 (0) = A°7(0), AX'(1) = 32 X7(1). Let fi(t)
terCr\{0}

denote individual i’s probability of following up under (1,C;). Then for an individual

i, the expected follow up probability under (1,C;) is

> AT (0w

N p 2 terer\{o}
>XGEG) =X WAL = X X w( > A ). (©2)
jere LR {0} tercr\ {0} Z
Followed by the concavity of W(-) is concave in pi(t), that is,
> AT () () > AT (OW((2)
cr\{0} Cr\{0}
teCr\{0 teCr\{0
4% > C.3
s ew )2 s o 9
teCr\{0} teCr\{0}

Therefore, the initial test design (1,C;) induces an equal or higher probability of
following up than (7,Cr) for any individual 7 (i € {1,2,..., N}). A dichotomous test
is optimal.

To prove (2), consider a dichotomous test with cut-off point ¢ and another with

cut-off point ¢ where (< ¢ <.
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Given the concavity of W (-), we have
( S 1) - ¢ )2 JE QR + ho(Q) (1 = )
ffhl(é)-p?JrO(C)'(l—p?)dC fc 1(O)p) + ho(¢)(1 = p)dc

(C.4)

f hi (¢
(fC hi(C) - p} +ho(C)~(1—p?)dC>
fg ha(Q)pf + ho(Q)(1 — py)dC
fg hi(O)p? + ho(¢)(1 — p)dC

JE i (Q) - pldc
W : s

JE () pY + ho(¢) - (1 = p)dg

(C.5)

(C.6)

Therefore, we can establish that the follow-up probability of any individual ¢ under
the test with cut-off point ¢ is higher than that under the test with cut-off point ¢

via the following.

C, 0 J$ ha(©) - pldC
[/g (hl(opi + ho(¢)(1 —Pﬂ)dd/- W<fCC h(C) -2 +0(¢) - (1 _pg>dc>

TV N — )
Probability of ivi t 1 e
roba I(th?oée;zz;ni 21)1 come Follow-up probablity if receiving outcome 1

(cut-off point = ()

] S5 1 () - p¢ )
5 1 (Q) - PP + ho(C) - (1 — p?)d¢
’ JE ha(¢) - pldg

(@B + ho(O)1 = ) de W | —
/c ( Y v)) fg hi(C) - P + ho(C) - (1 — p)d¢

¢ ) . IS ha(¢) - pPd
>[ﬂ<m“”“”wgﬂ_%»%l?pﬁm«»w+m«»u—wm&/

~
Follow-up probablity if receiving outcome 1
(cut-off point = ¢’)

¢
> [ (m@? + k(O = ) ac - W (

Vv
Probability of receiving outcome 1
(cut-off point = ¢’)

This completes the proof. O
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C.2.3 Proof of Theorem 4.3.

We prove this theorem via two steps: (1) we first show that for any initial test with
a finite number of cut-off points, the objective value will not decrease by arbitrarily

adding one more cut-off point from [(,(]; (2) we prove that if we uniformly add

infinitely many cut-off points, the objective value converges to that of the continuous
test.

To prove (1), we first establish the following result.

Corollary C.1. If Z—J and wj are both nondecreasing in j, where a;, b; and w; are
J

J J
> ajw; > (aj+bj)w;

J

positive variables, j € {1,2,...,J}. Then > =

> (a;+b5) ‘

=1

J

> aj
j=1 1

<

Proof. Because a;, b; and x; are positive variables, so it’s equivalent to prove

J J
b > bjw;
j=1 =1

e (.7)
doa; Y ajw;
j=1 =1

aj aj,

J
Let ky = % and k; = % — bj—f for j € {2,3,...,J}. Then we have Z—i = > k; and
i=1

J
bj = Z /{?ZCLJ'. ThUS,
=1

J J J J J
j= == . j= J= J=
b = 7 —kil—l—kgj +]€3J +---‘|‘ij .
> a; > a; > a; > a; >4
j=1 J=1 J=1 J=1 J=1
We also have
J J g J J J
Z:lbjw]' Z:llz:lklajwj z;ajw]- Zgajwj ;]ajwj
j= _j=li= - J= j= j=
. = ¥ —k1+k2J +k3J —|—...+kJJ—
> ajw; > ajw; > ajw; > ajw; > ajw;
j=1 j=1 j=1 j=1 j=1
by

Since 7 is nondecreasing in j; therefore, k; =

. _ZJ‘_—jSOfoer{Q,?),--wJ}-

J J

Thus, to prove (C.7), it’s sufficient to prove that for I € {1,2,..., J}, the following
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inequality holds:

M~
£
M
S
£

<
Il
o~
<
Il
o~

IN

M~
8
M-
Q@
&

(C.8)

<
Il
-

<
Il
—

J J

z%aj Z%aj

= j=
< 3

J

J

> ajw; 2 ajw;
=1 j=1

Consequently, it’s

Note that

= > : (C.10)
> oa; > ajp
j=l—1 j=i—1
Because wj is increasing in j for j € {1,2,..., J}, so (C.10) holds. Thus, we conclude

J J
2 ajwy 2 (aj+bj)w;

that =—=—— > = : |
2 2. (aj+b;)

J= J=
We then show that for any initial test with a finite number of cut-off points, the

objective value will not decrease by arbitrarily adding one more cut-off point from

<. ¢l

Let (T,Cr) be an initial test with 7" cut-off points and Cr = {c1, o, .., cr|c; €

¢, E], ¢ < ¢y < ... < cp}. The corresponding test outcome set is denoted as I and
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the likelihood of receiving test outcome t given state s; is o(t|s;), t € I',s; € S.

The total probability of receiving test outcome t for an individual ¢ is denoted as

Ai(t),Vt € Cr.

N
The overall expected follow-up probability from CRC patients equals Y > o (¢[1)p!

i=1ter
which is also equal to

Z S ot W(f(t)). (C.11)

i=1 ter\{o0}

Suppose we arbitrarily add one cut-off point, ¢ € [¢,(] that is not in Cp. Adding
one more cut-off point will split one test outcome, say k, to two, denoted by k; and
ko. We denote the likelihood of receiving test outcome k; and ko given state s as

d(jls),j = ki, ka. By construction, o(k|s) = &(k1|s) + d(ks|s). For the new initial

test, the overall follow-up probability from CRC patients is

oD etmsm+ D eGINAG) | B (C.12)
=1 \tel'\{k} j€{ki,k2}

We next compare the values of (C.11) and (C.12) in the following two cases.
Case 1: If k=0,

(C.12) Z Y ot W(pz )+Z 3 s G) = (C11).

=1 teT'\{0} =1 je{ki,k2}
Case 2: If k > 0, by construction, k; > 0 and k9 > 0.

(C.12) Z S o(tp W(z ) Z > 6P fi)

=1 teI'\{0,k} i= 1]€{k1 ko}
YOS st (m) + SY st w(pG). (€13)
i=1 tel'\{0,k} i=1 je{ki,k2}

Where pg(j) is the posterior risk of CRC given the test outcome j(€ {ki, k2}) under

the new initial test. Thus, to prove (C.13) > (C.11), it’s equivalent to prove

Y Ui W(ﬁ:(j))zfja<k|1>p?w(pf<k>). (C.14)

1=1 je{ki,k2}

Note that o(kls) = > (j|s),Vs € {0,1}. Let the total probability of
je{k1,k2} A
receiving test outcome j for an individual i under the new test be \;(j). Then,
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> 6(I)pY S N)BEG)

Ni(k) = >0 5\1(]) Therefore pi(k) = "fi‘(l,g;’? — Jelkika) o = je{’“l’g} o
J€{k1,ka} je{ky,ka} J€{ky ka}

To prove Inequality (C.14), it’s sufficient to prove that for each individual i, the
following inequality holds:
{ka })\i ()p; ()
g AS [ s ~y j€{k1,k2
> sGIw (pi0)) = oW (pi(k) = - aGW(? )

je{ky ka} je{kn ka} je{kz;kQ} Ai(7)
T suw(pw) 2 ARG
JELRL,R2 JELk1, k2
. > W i . (C.15)
s > g

J€{k1,k2} jefky kot

Since W (+) is nondecreasing , then following from Corollary C.1 and Property 1,

we have

S oeGw(E) X AGW(E0)

je{ki,k2} je{ky,k2}
— > < (C.16)
> o(jl1) > )
je{klvk2} jE{khk‘z}
Following from the convexity of W (-), we have
AW (p0) 2 A#G)
je{ki,ka} - > W(JG{ 1,k2} _— ) (C.17)
22 M) > i)
je{kr,k2} jetki k2}

Combining Inequality (C.16) with Inequality (C.17), we conclude Inequality (C.15)
holds. Thus, it’s always optimal to add one more cut-off point to the original set of
cut-off points.

Before proceeding to prove (2), we first introduce the Bayesian updating process
and the property of the continuous test.

Continuous CRC test Under continuous test, an individual receives a test out-
come ¢ € [(, (], which is the exact f-Hb concentration. The property that CRC

patients are more likely to receive worse results than healthy individuals should per-

sist in the continuous test. This suggests that

2;8 increases in ¢ for ¢ € [¢, C].
Similar to the ordinal CRC test, for the continuous test which directly reports

individuals’ f-Hb concentrations, if individual i receives a test outcome (, the posterior
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probability density of having CRC, denoted by p?((), becomes:

B ()0 )
O = ey € e cekd
Let fl(C ) denote the follow-up probability density for individual ¢ when adopting
the continuous test, and f;(¢) = W(p$(¢)). Given the range of fecal hemoglobin
concentration is [(, (], the overall follow-up probability for all individuals with CRC
under continuous test can be written as
N -
EQKﬁ@m@mw
To bridge the link between :ént;nuous and ordinal CRC tests, we establish the

following corollary.

Corollary C.2. For an ordinal CRC test, if policymakers uniformly choose infinitely
many cut-off points from (¢, (], the overall follow-up probability from individuals with

CRC is the same as that under continuous test.

Proof. The overall follow-up probability from individuals with CRC under the

continuous test can be written as

N ¢
> [ FOmCniac C.18)

=1
N J = : - _
. . (€ =¢)J (C€—=¢QJ, ;, ¢—¢
_ng&gyzg+ T+ =] = (C.19)
Define an ordinal test (7',Cr), where
CT = {017627 "7CT‘Cl = g; Ct4+1 = C¢ + %,Vt = 1, ,T — 1}

N

Define Ac¢(T') = S Then, cipq = c; + Ac(T) = ¢+ (C;__%)t,Vt =1,..,T — 1. The

S
_

overall follow-up probability for individuals with CRC under this ordinal test is

Z > e )

i=1 tercr

Rele (Hi(ci1) — Hic))p? - 0
_Ellemmm—mmmﬁﬂm%azmmm—mNM@” o)) .
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Hs(ci41)—Hs(ct)
Ac(T)

Hy(ct+Ac(T))—Hg(ct)
Ac(T) o

= lim

Because W (.) is continuous on R, and lim
T—o0

T—o0

hs(ci) for s € {0,1},t =1,...,T—1. When T goes to infinity, the follow-up probability

from CRC individuals becomes
N T—1

im (Hy(cir1) — Hi(cr))pd
71%002 w ((Hl(CtH) - H1(Ct))p? + (Ho(ctﬂ) — Ho(Ct))(l B p?)

) (Hi(cin) — Hl(ct)) P

; i T*IW hy(c)p? L 0 AT
;Tg{’l"t_l Gratest =+ hofe(a =)™ - 4eh)
N T-1
=2 Jim > [fie)hi(e)pf] - Ac(T)
N T-1 (C—Qt CoQt (¢
:ZZITIEEOt:1[fz(£+ (=)
—(C.19)

Thus, if the policymaker uniformly choose infinitely many cut-off points from [C, ¢l

the overall follow-up probability is the same as that under a continuous test. [ |

Combining the result from (1) and (2), we complete the proof.

C.3 Performance Gap

In Theorem 4.2, we demonstrate that for the compliance maximization case, if W (p$(t))
is concave in pj(t), then a dichotomous initial test should be selected, with the opti-
mal cut-off being the one with the highest sensitivity. In real practice, W (:) may not
be a concave function. We next show that when W (pi(t)) is not concave in pf(t), if
policymakers select ¢ as the only cut-off point, the performance gap between such a
FIT and the optimal test is bounded by a finite value. We start by introducing two

concepts: concave envelope and the “modulus of non-concavity”.

Definition C.1. (Udell and Boyd, 2013) The tightest concave approzimation to W (-),
denoted as W (-), is a concave envelope of the function W (-), which is defined as the

pointwise infimum over all concave functions that are greater than or equal to W (-).
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Definition C.2. (Aubin, 2007, Udell and Boyd, 2016) Let W : X — R be a function
defined on a convex set X, and W() be a concave envelope of the function W (-). We

define the “modulus of non-concavity” of W(-), denoted as p(W), as below.

p(W) = sup (W () — W (x))

rzeX

We then show the performance gap between a dichotomous test design with cut-
off point value ¢} and the optimal test design is bounded by a finite value measured

by the “modulus of non-concavity”.

Theorem C.1. For the compliance maximization case, the total expected follow-up
probability for all the N individuals between test design (1,C1 = {(}) and the optimal
test design is bounded by Np(W'), where p(W) = sup (W(m) — W(z)) and W(-) is

z€[0,1]
a concave envelope of W(-).

Proof.  We first prove that the optimal set of cut-off points includes ¢ by showing
that we can always get an equal or higher probability of following up by adding ¢
into any set of cut-off points.

Let Cr = {c1, c2, .. crler € (¢, (], 1 < ¢a < ... < e} be an arbitrary set of T(> 1)
cut-off points. The expected follow-up probability for an individual i is zT: Xt (1) fi(t).

Consider adding ¢ as a new cut-off point, and Cry1 = {¢, c1, co, .-, cT|;:1€ (¢, (e <
¢y < ... < cr}. Let p(t) and fi(t) denote individual 4’s posterior risk and follow-up
probability after receiving test outcome t under this new test, respectively. Note for
1 <t < T, because the cut-off point in Cr remains in Cryq, and the test outcome
labels are simply shifted by 1, we have o7+ (£ + 1|1) = 0“7 (¢]1), thus A7+ (¢ + 1) =
o (t+ 10)(1 = pf) + oo (t 4 11)p) = o (t{0)(1 — pf) + o (t[1)p) = AFT(8),

(0] 0 .

Plt+1) = D = It = pi(t) and fi(t + 1) = fi(D).
ST+ (11]0) TG0

Wéil?)(l_p?)ﬂjg (rcT(t\l)(l py)+!

Therefore, the expected follow-up probability for individual ¢ under the new test

design
T+1 T

SONTHOfit) = XN F(1) + D XT@) fit) = )N fi(1).

t=1
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We conclude that the optimal set of cut-off points includes .
Let Cf = {c1, 2, .., cr|es € [, f],g =1 < €9 < ... < ¢} denote the optimal cut-off
set with 7' (T" > 1) cut-off points. For an individual i, the expected probability of

following up under the optimal test design (7, Cr) equals

T
c; s
DN OW (D)
t=1
Consider the dichotomous test with cut-off point C; = {(}. Let pj(t) denote

individual 7’s posterior risk after receiving test outcome t under the dichotomous

test. Thus, for individual 7, the expected probability of following up under equals

AT (D)W (55 (1)) (C.20)
T S Sr At i T (0 (1)
Since \1(1) = ST N7 (1), pi(1) = 2 0(1‘ 2 S = = = . Conse-
i=1 ) AT PPN
t=1 t=1
T *
T > AT Op ()
quently, (C.20) equals Z A T( )W(ZlT—C>
t= > AT
t=1

Therefore, the performance gap between test design (T,C}) and (1,C) equals

T Z AT ()p3 (1)
N AW Z 9T (4) (—) (C.21)
3 A1)

t=1

Let W (-) be a concave envelope of W (-). Given the concavity of W (-), we have

r S @) T
S e (F—— )>ZACT 6) = Y ATOW (). (C22)
zm)

Combining inequahty (C 21) with (C.22), we have

T > AT (0P (t) > A OIAG)
(C.21) Z <—) - Z)\CT (—> (C.23)
= YA YA
Note that ZT: XT(t) < 1. Thus, performance gap for all the N individuals is
bounded by % sup (W(x) — W(z)) = Np(W). O

i=1z€[0,1]
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C.4 Parameter Estimation

C.4.1 Utility Estimation
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Figure C.1: CRC progression

We refer to the model constructed by Ladabaum et al. (2001) for the natural his-
tory of CRC in the average-risk population without CRC screening (Figure C.1). Indi-
viduals transition between principal health states of normal, localized CRC, regional
CRC or distant CRC, and dead in 1-year cycles. The states for patients who survived
CRC treatment (post-localized-CRC surveillance and post-regional-CRC surveillance)
are also shown. As presented in Figure C.1, individuals could remain in the current
state or transit to other states at the end of every cycle. The ovals without solid
borders represent intermediate states associated with the symptomatic presentation
of CRC. Specifically, individuals with distant CRC are symptomatic, whereas for in-
dividuals with localized or regional CRC, the associated symptoms may present with
certain probabilities. We suppose that individuals with symptomatic presentation
will consult doctors and receive the treatment. Typically, normal individuals may de-
velop localized CRC. CRC cases progress from localized to regional (2 years in each
stage) to distant unless symptoms lead to diagnosis and treatment. If individuals are
diagnosed and treated, they will enter post-cancer surveillance.

Because the expected remaining life years vary widely among individuals with
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different ages, genders and CRC states, and the second-stage screening could detect
CRC at an earlier stage when the treatment is usually more successful. Therefore,
individuals’ expected remaining QALY differ by age, gender, CRC state and follow-
up decision. Next, we present the estimation of the expected remaining QALY for
individuals with different aforementioned attributes. We use uy 4(s, a) to denote the
expected remaining QALY for individuals with age k, gender g, state s and follow-up

action a. We next decribe the calculation of uy 4(s, a).

1. uy4(0,0): Following from Ladabaum et al. (2001), we suppose the quality of life
for individuals without CRC is 1, and we use the expected remaining life years
from the complete life tables for the Singapore resident population (Department

of Statistics 2019) as a proxy of the expected remaining QALYs.

2. up4(0,1): Notably, the QALYs loss from a colonoscopy is incorporated in the

perceived cost of the follow-up action; therefore, we have wy 4(0, 1) = . 4(0,0).

3. up4(1,1): For asymptomatic CRC patients who follow up with the second stage
tests, they will be diagnosed and treated. For those who survive CRC treatment,
they will have high risks of post-treatment mortality in the initial 5 years; after
the initial 5 years of post-cancer surveillance, the recurrence of CRC becomes
less common (Caso et al., 2020), and we suppose the expected remaining QALY's
of survivors are the same as those of normal individuals with the same age and

gender. Then, we can derive uy 4(1,1) according to the collected parameters.

4. uy4(1,0): For asymptomatic CRC patients who don’t follow-up with the second-
stage tests, they will be detected if the associated symptoms appear; otherwise,
they will progress all the way to distant CRC or dead. In line with Ladabaum
et al. (2001), we suppose there is a loss of quality for CRC patients who do
not receive treatment. Besides, these patients may experience natural death

(mortality not from CRC) during the process.
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The values of all the aforementioned parameters are listed in Table C.2.

Parameters

The expected remaining QALY for healthy individuals age-gender-specific Department of Statistics (2019)
Distribution of CRC stages stage-specific Howlader et al. (2018)
Symptomatic presentation of localized CRC, % 22/year over 2 years Ladabaum and Mannalithara (2016)
Symptomatic presentation of regional CRC, % 40/year over 2 years Ladabaum and Mannalithara (2016)
Mortality rate from treated localized CRC, % 1.74/year in first 5 years Ladabaum and Mannalithara (2016)
Mortality rate from treated regional CRC, % 8.6/year in first 5 years Ladabaum and Mannalithara (2016)
Mean survival from distant CRC, year 1.9 Ladabaum and Mannalithara (2016)
Mortality rate from CRC treatment, % 2 Ladabaum and Mannalithara (2016)
Mortality rate not from CRC, % age-gender-specific Department of Statistics (2019)
Qualiy of life of localized CRC 0.90 Ladabaum and Mannalithara (2016)
Qualiy of life of regional CRC 0.80 Ladabaum and Mannalithara (2016)
Qualiy of life of distant CRC 0.76 Ladabaum and Mannalithara (2016)

Table C.2: Input parameters

C.4.2 Utility Functional Form Estimation

Variable selection

In this section, we introduce the variable selection process of d-features and d-features.
o-features and d-features To examine determinants and barriers towards CRC

adherence behavior, we first divide the data points into two groups based on whether

individuals followed up with the second-stage tests. We perform univariate statistical

comparisons of the two groups by applying Welch’s ¢-test and select the variables

with p-value less than 0.1. The comparison result is presented in Table C.3. Then we

adopt all significant variables as candidate variables for ¢.

Besides, we inquired individuals about the factors they were concerned about
when deciding whether to follow up in our survey. All these variables and the QALY's
loss from a colonoscopy are initially selected as d-features. We then perform 3-fold
cross-validation to choose the combinations of variables that produce the highest
average AUC in predicting individuals’ follow-up behaviors. The selected variable

combinations are finally adopted as d-features and d-features.
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Variable Mean of Group 0 Mean of Group 1  p-value

Age 62.68 64.21 < 0.1
Married 0.74 0.86 < 0.1
Own apartment 0.88 0.96 < 0.1
Own more than one apartment 0.14 0.24 < 0.1
Tobacco consumption 4.29 18.87 < 0.1
Have private insurance 0.84 0.71 < 0.05
Screening knowledge 2.18 2.57 < 0.05
Colonoscopy knowledge 0.89 1.12 < 0.01
Knowledge about CRC incidence rate 0.89 0.77 < 0.05
Real risk of having CRC 0.001 0.002 < 0.1
Frequency of receiving FIT 2.67 3.27 < 0.001

Table C.3: Univariate statistical comparisons

Estimation of the QALY loss from a colonoscopy
We consider the possibility of colonoscopy perforation and perforation-related mor-
tality rate. Let wy4(s) denote the QALYs loss from a colonoscopy for individuals

with age k, gender g and state s, then

Wi,g(8) = up4(s,1) x p(perforation probability) x p(perforation-related mortality).

MLE estimation

122,27} and y; = {y},y?, ...y} to denote d-features and d-

RNl A A Nt )

We use z; = {z
features, respectively. Where y? represents the QALY loss from a colonoscopy for
individual .

In particular, we propose a multivariate linear model for §;, which takes the form:
J
§i=a’+> o2l
j=1
Where o denotes the constant and o (j € {1,2,..., J}) denotes the coefficient for

J
.

In addition, we suppose d;(s; = 0) and d;(s; = 1) take the following functional
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forms:

R
d;(0) ="+ > By,
r=1

R
di(1) ="+ 7y
r=1
Where 3° and 7" are constants, 5" and 7" denote the coefficients of y! in the two
respective functions, r € {1,2, ..., R}.

Note individuals will experience a loss of utility from the colonoscopy; therefore,
we suppose 3%, +% >0. For individuals who don’t believe in having the disease, they
will expend a utility loss from the follow-up action. Thus, we assume that 5" > 0 if
r € {1,2,..., R — 1}. Conversely, for individuals who believe they have the disease,
they can benefit from the subsequent diagnosis and treatment. Therefore, we assume
that " < 0ifr € {1,2,..., R — 1}.

Let e; denote individual i’s actual follow-up decision. For individual i, the like-
lihood of choosing action e; € {0,1} after receiving a positive test outcome (t = 1)

equals
eUi (ai(1)=e;)

eUi(ai(1)=0)  Ui(a;(1)=1)"

Pia;(1) = &) =
Our purpose is to derive the parameters that maximize the log-likelihood function

subject to the constraints of §;, 57 and +". We formulate the parameter estimation

problem as the following convex optimization problem:
max Zlog(Pi(ai(l) =e;))

st.0<6;,<1 ie{l,2.. N}

BT >0 re{l,2,.. R}
V<0 re{l,2,...R—1}
>0

The descriptions of the estimated parameters are shown in Table C.4.
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d-features (z) «a

Age 0.02

Have private insurance 0.07

Screening knowledge -0.22
Colonoscopy knowledge -0.06

Frequency of receiving FIT -0.08

d-features (y) G %
Concerns about the medical history 0.00  -100.29
Concerns about age 0.31  -194.10
Trust in doctors 0.02  -5180.09
Want to know health condition 0.00  -320.64
Concerns about the price of a colonoscopy  0.29 0.00
Support from family 46.87 -12857.20
Disutility from a colonoscopy 0.00 7.69

Table C.4: Descriptions of the estimated parameters

C.4.3 Logistic Regression Result
We perform stepwise logistic regression in the balanced dataset, and the regression

result is shown in Table C.5.

C.4.4 Construction of the Discretized Candidate Set

The candidate set of cut-off points is selected to (1) cover the commonly adopted
cut-off points in practice and also to (2) ensure that the initial test kits are MLR-~
feasible. Firstly, according to numerous systematic reviews (e.g., Lee et al. (2014),
Robertson et al. (2017)), thresholds greater than 10 pg/g and smaller than 100 ug/g
are commonly adopted in real practice. Therefore, we choose to construct a discretized
set from 10 pg/g to 100 pg/g. Specifically, according to Figure 4.1, when the cut-off
value increases from 10 pg/g to 40 pg/g, the corresponding changes in test outcome
probabilities are relatively large, which requires more granular increments. When the
cut-off value is greater than 40, the changes are subtle. The candidate set, therefore,
includes cut-off values from 10 pg/g to 40 ug/g in steps of 1 and from 40 pg/g to 100

ig/g in steps of 5.
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Coefficient Standard error p-value

0-features

Own apartment 0.62 0.22 < 0.01
Have private insurance -1.29 0.30 < 0.01
Screening knowledge 1.17 0.25 < 0.01
Colonoscopy knowledge 0.95 0.33 < 0.01
Frequency of receiving FIT -0.64 0.30 < 0.05
d-features

Concerns about the medical history 2.55 0.72 < 0.01
Concerns about age 2.04 0.53 < 0.01
Trust in doctors 1.89 0.88 < 0.05
Want to know health condition 2.99 0.53 < 0.01
Concerns about the price of a colonoscopy -1.64 0.66 < 0.05
Support from family 1.84 1.11 < 0.1
Constant -1.14 0.36 < 0.01
No. of observations 290

Pseudo R-squared 0.58

Prob > Chi-square <0.01

Table C.5: Logistic regression result

We next show that if the initial test kit are MLR-feasible, the two-sample dichoto-

mous FIT initial tests are also MLR-feasible. To ensure the two-sample dichotomous

FIT is MLR-feasible, it’s sufficient if we have tgigglég > Z;Eg}ég The condition is

equivalent to ¢(0/0) > ¢(0|1). We next show this condition holds when the initial

test kit are MLR-feasible by contradiction. Suppose ZESI?; > 1, then ZEH(B ZESB > 1.

Therefore, 1 = o(1|0) + ¢(0|0) > o(1|1) 4+ ¢(0|1) = 1, which can not hold. Thus, we

conclude that the the two-sample dichotomous FIT initial tests are MLR-feasible if

the initial test kit are MLR-feasible.
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C.5 Other Supplementary Numerical Results

C.5.1 Omne-sample FIT Design
For one-sample FIT, the features in the two clusters are presented in Table C.6. Since
CRC risk serves as an input in the utility model and varies by gender and age, we

also present the description of gender in the two clusters.

Cluster 1 Cluster 2 p-value

The optimal cut-off point, pg/g 31 39 -
0-features

Age 67.37 59.11 < 0.01
Have private insurance 0.67 0.81 < 0.01
Screening knowledge 2.44 2.43 0.77
Colonoscopy knowledge 0.88 0.89 0.55
Frequency of receiving FIT 2.00 1.92 0.11
d-features

Medical history 0.19 0.18 0.47
Age 0.33 0.27 < 0.01
Trust doctor 0.17 0.19 0.14
Want to know health condition 0.28 0.29 0.58
Price of a colonoscopy 0.22 0.24 0.18
Support from family 0.06 0.07 0.22
Other features

) 0.62 0.62 0.68
Risk 0.0023 0.0007 < 0.01
Male 0.81 0.25 < 0.01

Table C.6: Variable description in different clusters of customized dichotomous test
when 7 = 0.003 and L = 2 (two-sample FIT)

The optimal design of three-type customized dichotomous test (i.e., L = 3) with
the adjusting term 7 equals 0.006 is presented in Table C.7.
For the interpretable clustering dichotomous test, the optimal cut-off value and

the expected number of positive results and follow-ups are presented in Table C.8.

C.5.2 Two-sample FIT Design

We present the optimal cut-off point and other related performance metrics for the

two-sample FIT design in the following. The findings and insights under different

162



Cluster 1 Cluster 2 Cluster 3 Total Cluster 1¥ Cluster 2% Cluster 3% Total® Current practice

Number of individuals* 884.60 3137.88  5977.52 10000 884.60 3137.88 5977.52 10000 10000
Expected number of CRC patients* 3.01 6.17 5.05 14.23 3.01 6.17 5.05 14.23 14.23
The optimal cut-off point, pg/g 28 32 40 - - - - 33 20

Sensitivity, % 78.24 76.68 73.86 - - - - 76.30 81.77
Specificity, % 98.68 99.21 99.70 - - - - 99.30 96.22
Expected number of positives* 13.96 29.57 21.43 64.96 8.47 26.62 45.63 80.72 389.37
Expected number of positives from CRC patients* 2.35 4.74 3.73 10.82 2.30 4.71 3.85 10.86 11.64
Expected number of positives from healthy individuals* 11.61 24.83 17.70 54.14 6.17 21.91 41.78 69.86 377.73
Expected colonoscopy demand* 13.96 29.55 21.31 64.82 8.47 26.62 43.50 78.59 227.01
Expected number of follow-ups from CRC patients* 2.35 4.73 3.73 10.81 2.30 4.71 3.72 10.73 7.21

Expected number of follow-ups from healthy individuals® 11.61 24.82 17.58 54.01 6.17 21.91 39.78 67.86 219.80

* The population base is assumed to be 10,000, of which 14.23 individuals have CRC and 9985.77 do not.
& The results are from the universal test when the adjusting term 7 equals 0.

Table C.7: The optimal customized dichotomous test when 7 = 0.006 and L = 3
(one-sample FIT)

Cluster 1 Cluster 2 Total Total® Current practice

Number of individuals* 3782.91 6217.09 10000 10000 10000
Expected number of CRC patients* 8.74 5.49 1423  14.23 14.23
The optimal cut-off point, pg/g 31 39 - 33 20

Sensitivity, % 77.06 74.20 - 76.30 81.77
Specificity, % 99.10 99.67 - 99.30 96.22
Expected number of positives* 40.68 24.84 65.52  80.72 389.37
Expected number of positives from CRC patients* 6.74 4.07 10.81  10.86 11.64
Expected number of positives from healthy individuals* 33.94 20.77 54.71  69.86 377.73
Expected colonoscopy demand* 40.63 24.69 65.32  78.59 227.01
Expected number of follow-ups from CRC patients* 6.73 4.07 10.80  10.73 7.21

Expected number of follow-ups from healthy individuals* 33.90 20.62 54.52  67.86 219.80

* The population base is assumed to be 10,000, of which 14.23 individuals have CRC and 9985.77 do not.
& The results are from the universal test when the adjusting term 7 equals 0.

Table C.8: The optimal interpretable clustering dichotomous test when 7 = 0.007
(one-sample FIT)

screening protocols are the same as those in the one-sample FIT; therefore, we don’t
discuss them in detail.

Universal dichotomous test

As shown in Table C.9, the cut-off point that induces the highest follow-ups from
CRC patients is 39 pg/g, which is considerably different from the practice (20 pug/g).
In addition, it is higher than the optimal cut-off value (33 pg/g) in one-sample FIT
(Table C.9). This is because that in the two-sample test, a positive result is reported
once the hemoglobin concentration in any sample is greater than the predefined cut-
off value. Thus, compared with one-sample test, it comes with a higher false-positive
rate and lower false-negative rate under the same cut-off value.

Customized dichotomous test We further explore the performance of pro-

163



Adjusting term (7) -1 -0.05 -0.02  -0.01 0 0.005 0.01 0.05 1

The optimal cut-off point, ug/g 13 17 32 35 39 45 50 65 90
Sensitivity, % 97.91 97.21 9456 94.04 93.34 92.31 91.46 88.98 85.05
Specificity, % 80.78 88.89 9842 9891 99.33 99.67 99.82 99.97 100.00
Expected number of positives * 1933.41 1123.21 171.19 122.08 79.97 45.66 31.11 15.95 12.33
Expected number of positives from CRC patients* 13.93 13.83 13.46  13.38 13.28 13.14 13.02 12.66 12.11
Expected number of positives from healthy individuals*  1919.48 1109.38 157.73 108.70 66.69 32.52 18.09 3.29  0.22
Expected colonoscopy demand* 392.39  387.11 151.01 115.82 7899 45.53 31.07 15.95 12.33
Expected number of follow-ups from CRC patients* 3.35 5.22 1252 13.04 13.23 13.12 13.02 12.66 12.11

Expected number of follow-ups from healthy individuals* 389.04  381.89 138.49 102.78 65.76 32.41 18.05 3.29 0.22

* The population base is assumed to be 10,000, of which 14.23 individuals have CRC and 9985.77 do not.

Table C.9: The optimal universal dichotomous test (two-sample FIT)

moting customized dischotomous test to two subpopulations (i.e, L = 2). The results

are presented in Table C.10 with 7 equals 0.0035.

Cluster 1 Cluster 2 Total Cluster 1¥ Cluster 2¥ Total® Current practice

Number of individuals* 4022.48  5977.52 10000  4022.48 5977.52 10000 10000
Expected number of CRC patients* 9.18 5.05 14.23 9.18 5.05 14.23 14.23
The optimal cut-off point, pg/g 37 45 - - - 39 20
Sensitivity, % 93.69 92.31 - - - 93.34 96.68
Specificity, % 99.15 99.67 - - - 99.33 92.58
Expected number of positives* 42.79 24.11 66.90 35.37 44.60 79.97 754.93
Expected number of positives from CRC patients* 8.61 4.66 13.27 8.57 4.71 13.28 13.76
Expected number of positives from healthy individuals* 34.18 19.45 53.63 26.80 39.89 66.69 741.17
Expected colonoscopy demand* 42.78 24.00 66.78 35.38 43.61 78.99 336.17
Expected number of follow-ups from CRC patients* 8.60 4.66 13.26 8.58 4.65 13.23 6.47
Expected number of follow-ups from healthy individuals* 34.18 19.34 53.52 26.80 38.96 65.76 329.70

* The population base is assumed to be 10,000, of which 14.23 individuals have CRC and 9985.77 do not.
& The results are from the universal test when the adjusting term 7 equals 0.

Table C.10: The optimal customized dichotomous test when 7 = 0.0035 and L = 2
(two-sample FIT)

Interpretable clustering dichotomous test Similarly, we apply the inter-
pretable decision tree to predict individuals’ clusters generated from the customized
test design result. The decision tree obtained is exacly the same as the one in on-

sample FIT case.

We derive the optimal cut-off value and the other metrics with the adjusting term

7 equals 0.0035 in Table C.11.

C.6 Model Extension

In this section, we extend our model to study both colorectal polyps and CRC detec-

tion.
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Cluster 1 Cluster 2 Total Total® Current practice

Number of individuals* 3782.91 6217.19 10000 10000 10000
Expected number of CRC patients* 8.74 5.49 1423 14.23 14.23
The optimal cut-off point, pug/g 37 45 - 39 20
Sensitivity, % 93.69 92.31 - 93.34 96.68
Specificity, % 99.15 99.67 - 99.33 92.58
Expected number of positives* 40.34 25.30 65.64 79.97 754.93
Expected number of positives from CRC patients* 8.19 5.07 13.26  13.28 13.76
Expected number of positives from healthy individuals* 32.15 20.23 52.38  66.69 741.17
Expected colonoscopy demand* 40.33 25.19 65.31  78.99 336.17
Expected number of follow-ups from CRC patients* 8.19 5.07 13.25  13.23 6.47
Expected number of follow-ups from healthy individuals* 32.14 20.12 52.26  65.76 329.70

* The population base is assumed to be 10,000, of which 14.23 individuals have CRC and 9985.77 do not.
& The results are from the universal test when the adjusting term 7 equals 0.

Table C.11: The optimal decision-tree-based clustering when 7 = 0.0035 (two-sample
FIT)

Initial test: Let § denote individuals’ state § € S = {0,1,2}. Where § = 1
represents a heath state with colorectal polyps and § = 2 indicates a heath state
with CRC. ¢ is used to denote f-Hb concentration level tested from FIT. Let Hy(hq),
H 1(ﬁ1) and flg(ﬁg) denote the cumulative distribution function (probability density
function) of f-Hb concentration for healthy individuals, individuals with colorectal
polyps and CRC, respectively. The range of f-Hb concentration is [(, (]. We assume
that ho(C), h1(C), ha(¢) and are continuous in ¢ for ¢ € ¢, q].

A test design (T, Cr) gives rise to T + 1 test outcomes in set I'C = {0,1,2,...,T}.
We define 0“7 (¢|3) as the likelihood of receiving test outcome ¢ if individual’s state
is 4, such that for § € {0,1,2}, 6°7(0|3) = Hy(c1), 07 (t3) = Hi(cry1) — Hilcy) if
t € {1,2,...,T —1} and 0°7(T|3) = 1 — Hs(cr). In real practice, the initial cancer
screening test should possess a property that individuals with CRC are more likely

to receive severe test outcomes than individuals with polyps. Similarly, we define an

initial test that possesses this nice property as a “MLR-feasible” initial test.

T (1)

Property 2. An initial test (T,Cr) is MLR-feasible if ZZ Ezm and Zo; EtIO) are increas-

ing int, t € IC.

Indiviudal’s follow-up problem: For each individual i, the prior risk of de-
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veloping polyps and CRC are denoted by p! and p?, where i € {1,2,..., N}. After
a participant obtains a test outcome ¢t € I', the risk of having polyps or CRC is up-
dated to pi(t) and pg%(t), following Bayesian updating process. The total probability
of receiving test outcome ¢ becomes \;(t) = o(t[0)(1 — p! — p2) + o (t|1)p! + o (¢[2)p2,
tel,ie{l,2,..,N}. We have

t[1)p; i .

oL(t) = o(tp; _ i , ie{l,2,.N}, teT;
MO T S B0l )
t12)p? 2

2t = o2p D ie{1,2,..N}, tel.

MO 14 2!+ R -l - pd)

According to Property 2, given an “MLR-feasible” initial test, p52(t) is always
increasing in ¢, while pi!(¢) may not have the same trend. Intuitively speaking, with
the increase of ¢, the posterior risk of having polyps will firstly increase. However,
as t becomes larger, individuals will have a higher risk of having CRC, and the
posterior risk of having polyps will decrease since the posterior risk of having cancer
will dominate.

We use a;(t) € {0,1} as individual i ’s follow-up decision, and w;(8;, a;(t)) as the
individual’s utility function. Let 7$!(¢) and 7%(¢) represent individual’'s subjective
belief of having polyps and CRC after receiving a test outcome ¢ from the initial test.

The total expected utility of participant ¢ under action a;(t) is given as follows.

Ui(a(t) = 0) =0; Elui(ss, ai(t) = 0)[ (7 (£), w7 (£))] + (1 — 6:) Eus(si, as(t) = 0)|(pf" (t), pi*(1))] + €

Ui(ai(t) = 1) =0 Elui(ss, ai(t) = 1)[(77" (), 7 ()] + (1 — 6:) Elui(si, ai(t) = DI(p;" (t), p*(1))]

— Eldy(s)|(m' (1), 72 ()] + €.
We assume that indiviudals will not follow up if they receive the best test outcome.
Thus, the conditions which decide individual 7’s follow-up behavior can be written as

follows:

a; t) =

166

0

79



Similar to the base model, we assume that for any individual ¢ with test outcome
t, individual’s subjective belief 7! (¢) (7$2(¢)) is a function of p'(¢) (pf?(¢)). Thus,
the probability of follow-up becomes a function of pf!(t) and pi?(¢) if t # 0. We use

W (ps*(t), p(t)) to denote this function. Therefore, we have the following result:

0 if ¢t =0,
filt) = (C.24)
W (p*(t),ps(t))  otherwise.

Health system test design problem: Given Cr is the selected set of cut-off
points with the corresponding test outcome set I'°T| we formulate the health system’s

problem as follows.

maxr,c, %1 > (i) (t2)p? + T fi(#)o " (¢1)p} — 70fi(t)o " (¢|0)(1 — pi — p?%]
i=1tercr
s.t. fi(t) satistfying (C.24)

Specifically, the first term in the objective function represents the follow-up rate
from individuals with CRC. It is controversial whether the screening policy should
recommend individuals with polyps to follow up with a colonoscopy or not. Western
countries remove all colorectal polyps, except for rectosigmoid hyperplastic polyps
< 5 mm in size. However, in Asian countries, the treatment strategy for colorectal
serrated polyps is still not established (Sano et al., 2020). In addition, Vleugels
et al. (2017) showed that the estimated progression rate of small (6-9 mm) colorectal
polyps to advanced adenoma or CRC is very low, so individuals with diminutive and
small polyps may experience potential “harm” of polypectomy in the colonoscopy.
Therefore, we introduce a multiplier 7 € [0, 1] in front of the second term , which
indicates the percentage of such individuals that the health system encourages to
follow up. In addition, we use 7y to denote the “cost” of a colonoscopy demand from
healthy individuals.

We first explore the optimal structure of the initial tests in the compliance max-
imization case (73 = 1 and 79 = —1) and effectiveness maximization case (11 € [0, 1]

and 179 = 0), respectively. We have the following results.
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Theorem C.2. For the compliance mazimization case, if W (p'(t), pi(t)) is concave

in pit(t) and pi*(t), a dichotomous initial test with cut-off point value ¢ is optimal.

Proof. Proof of Theorem C.2. We prove this theorem by two steps: (1) we first prove
that when W(-) is concave in pf!(t) and p%(t), a dichotomous test is optimal; (2) we
then prove that the optimal cut-off point value is ¢.

Let (T,Cr) be an initial test with more than one cut-off point, where 7" > 1 and
Cr ={c1, ¢, .., crler € [C, (],c1 < ¢ < ... < cp}. The corresponding test outcome set
is T¢7 = {0,1,2,...,T} and the likelihood of receiving test outcome ¢ under state
is 0T (t|3;), t € T°T,4; € S. Let A°T(t) denote the total probability of receiving test
outcome t, i.e., AT (t) = o7 (t]0)(1 — p! — p2) + o7 (t[1)p! 4+ o7 (¢|2)p2. Then for any
individual ¢, the expected probability of follow-up under 71 = 1 and 79 = —1 can be

written as
SNXNTWL) = Y ATOW (pi (), pi(1)). (C.26)

tercr terer\{0}
We next propose another initial test which contains only one cut-off point ¢;. That

isT=1,C = {c;} and T = {0,1}. By construction, we have ¢ (0]3;) = 0°7(0|3;)
and 0% (1]3;) = D _terer\ {0y oCT(t]8;). Similarly, for individual 4, the probability of

receiving test outcome 0 or 1 becomes A (0) = AS7(0), Ao (1) = 32 AS7(¢). Let
terer\{o}
fi(t) denote individual i’s follow-up probability under (1,I*). Then, the expected

probability of follow-up for individual ¢ is

A1 = > ATOWER)6R(D) (C.27)

terer\{o}
RO RO SO0
= Y New | RE e
tEFCT \{0} Z )\’L H (t) Z >\’L ’ (t)
terer\{o} tercr\{0}

Since W (+) is concave in pi!(t) and pi?(t), following by the concavity, we have

S OAT@pn) X ATmpRe) > AW (p o), p0))

teTCT\{0} terT\{0} teTCT\{0}
W — , < > =z
> AT(E) > A1) > AT(1)
terrT\{0} teTT\{0} ter°T\{0}
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Therefore, the initial test design (1,C;) indeed induces an equal or higher probability
of following up than (7, Cr)for any individual i (i € {1,2,...,N}). A dichotomous
test is optimal.

To prove (2), consider a dichotomous test with cut-off point ¢ and another with
cut-off point ¢ where (< ¢ <.

Suppose ¢ induces two test outcomes denoted by 0, and 1¢, we have o(1¢|3;) =
1—H,,(¢) and Ai(1¢) = o(1¢|0)(1 = p! — p?) +o(1¢|1)pt + o (1¢|2)p?. Another dichoto-
mous test with cut-off point ¢ have two test outcomes denoted by 0, and 1., and

o(1,]5;) = 1— H;,,(¢'). For the sake of proof, we introduce an “invisible test outcome
0" and define o(0'|3;) = Hy,(¢') — H;, (€). So we can obtain the following relation-
1) — 5\2( )+ A (oY), sl(lg) _ oUYpy

) Xi(le)
P NP1 )+ (0M)pi? (01
y Xi(1)+Xi(01)

ships: o(1¢|$;) = o(1.]3;) + o(0Y]3)), Ai(

S )3 (1) +3s(01)pg (01) _ oligl2
Ni(1)+A:(01) and p;*(1 )_ Ai(1

The expected follow-up probability for individual 7 under ¢ or ¢ can be expressed

)P}
¢

by Xl(lg)W[ (1), p%(1)] and (L)W [pet (1), p2(1,)]. According to the con-
cavity of W(-), we have

sl(lg)’p;ﬂ(lg)] _ W[)W(lc')pf (10/)——:_—

i

W A (0MpE (01 Ai(1,)ps2(1,0) 4+ Ai(0Y)p 52(01)]
A \ A

(1)
Therefore, we can establish that the follow-up probability of any individual 2 under

the test with cut-off point ¢ is higher than that under the test with cut-off point ¢

Via the following.

N N
Z Ai( (10, 2(10)] 2 > - M)W [ (1), 9 (1)) + D AW [} (01), pi(01)]
i=1 i=1
N A~
We can conclude that the optlmal cut-off point is ¢. O
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Theorem C.3. For the effectiveness mazimization case, if W (pi*(t), pi2(t)) is convex
in pil(t) and pi(t) and nondecreasing in t, it’s optimal to adopt the continuous initial

test which directly report individuals’ f-Hb values.

Proof. Proof of Theorem C.3. We prove this theorem via two steps: (1) We first
show that for any initial test with a finite number of cut-off points, the objective
value under 7; € (0,1) and 79 = 0 will not decrease by arbitrarily adding one more
cut-off point from [¢, ¢]. (2) We prove that if we uniformly add infinitely many cut-off
points, the objective value converges to that of the continuous test.

Given an initial test (T',Cr) with T' cut-off points, where Cr = {c1, ¢a, ..., cr|c; €
¢, (],c1 < ca < ... < e}, the test outcome set is denoted as I'‘? = {0,1,..., T} and
the likelihood of receiving test outcome t given state §; is o(t|8;), t € T°T, §; € S.
The probability of receiving test outcome t for an individual 7 is \;(t), t € [°T.

The overall expected follow-up probability from individuals with CRC or polys

equals
Z > lo(t12)p} + mo(t)p]fi(t) Z Y [o(t2)p} + oW 5 (), (1))
i=1 gerlr i=1 ¢{eICT\0

(C.28)

Suppose we arbitrarily add one cut-off point, ¢’ € [¢, (] that is not in C7. Adding
one more cut-off point will split one test outcome, say k, to two, denoted by k; and
ko. For any individual i, We denote the likelihood of receiving test outcome k; and
ko given state §; as (j|8;),j = ki, k2. By construction, o(k|$;) = 6(k1]8;) + 7 (ka|$;).

For the new initial test, the overall follow-up probability from patients with CRC or

polyps is
N
S o2 + notpilf)+ > [60i12)p + mo()pfi()-
i=1 teurcr\{k} J€{k1,k2}

(C.29)
We next compare the values of (C.28) and (C.29) in the following two cases.
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Case 1' Ifk=0:

(C.29) Z > (o)} +mo P IW [ (0, 5] + > 16612)p7 + 1o GDpifi() = (C-
i=1 teurcr\{o} je€{ki,k2}
Case 2: 1f k # 0, by construction, k; > 0 and ky > 0:

(C.29) Z S [ot2)p! + motp W [t ). o]+ Y [6612)p! + no (LR fi()

i=1 ¢curcr\{o} je{ki,k2}

N

=3 > (o2} + motp W [P ), 52 (0] + > [6012)p7 + me (G0l W [ (), 8
i=1 teurcr\{o} je{ki,ka}

Where pit(j) and p;?(j) are the posterior risk of having polyps and CRC given the
test outcome j(€ {k1, k2}) under the new initial test. To show (C.29) > (C.28), it is
sufficient to prove

> 1661207 + meGIOpAW [ (), ()] = [o(k[2)p} + mao(k[1)pi]W [p5 (k), p? (k)]

je{k,k2}
(C.30)
Note that o(k|$;) = d(k1]$;) + d(k2|8;). Let the total probability of receiving test

outcome j for an individual 7 under the new test be A;(j). Then, \;(k) = 5 X().

R R je{ki,ka}
LT h0) D, N0w0)
Thus, pit(k) = * S and pi2(k) = * S5 To prove Inequality
je{ky,k2} je{ky.ka}
(C.30), it is equivalent to show that
> [mo(ilp; + o (2pW (55 (7). 5(5)) > AMpG) X M()pP0)
je{k1,k2} S W je{kike} j€{k1 2}
> mo(ilpi +6(j12)p; N oA X AG)
je{klka} je{k‘l,kQ} je{kl,kz}

(C.31)

16Dt +6(j12)ps?
(1-m)6([1)ps 46 (510) A—pst—p52)

Because W (+) is non-decreasing, and it is easy to check that

is increasing in j. Then following from Corollary C.1, we have

X Mo+ eGRIPAW (51 G).52G) X MGW(BG),52())
Je{k1,k2} > je{kik2} _
> no(ilp! + 6 (j2)pf N > )

je{ki,k2} j€{ki,k2}

(C.32)

171



Following from the convexity of W (-), we have

> MGOW (B 4), 52()) SOoNGBG) Y NG)BERG)

je{ki,k2} > W je{ki,ka} Je{k1,k2}
> i) B > ) > i)
J€{k1,k2} Jj€{k1,k2} j€{k1,ka2}

(C.33)

Thus, according to above two inequalities, we conclude Inequality (C.31) holds.

Thus, it’s always optimal to add one more cut-off point to the original set of cut-off
points.

Before proceeding to prove (2), we first introduce the Bayesian updating process

and the property of the continuous test: under the continuous test, an individual

receive a test outcome ¢ € [, (], which is the exact f-Hb concentration. For any

individual ¢ with test outcome (, the posterior risk of having polyps or CRC is denoted

by pi'(¢) and 55;%(C), where:

PO = - (O e {L2,.NY, e
ho(Q)p? + hi(Q)p; + ho(C)(1 — pi — p?) -
7 2
52(0) L) e {12V}, (e[6.d.

; ha(Op? + ha(Q)p} + ho(O)(1 = p} = p2)
Let f;(¢) denote the follow-up probability for individual ¢ when adopting the con-
tinuous test, where f;(¢) = W(p'(¢), p:2(¢)). Given the range of possible fecal

hemoglobin concentration [g ,C], the overall follow-up probability for all individuals

with CRC or polyps can be written as:

N E A )
S [ Qb + maOrliac -
= 2 }g&;fz(g_’_ (g JQ)J)[32(§+ (C —JQ )pl i Tlhl(C 4 ( —JQJ )pzl] ‘ (g _Jg)j

Next, we will show that in ordinal CRC tests, if policymakers uniformly choose
infinitely many cut-off points from [(, (], the overall adjusted follow-up probability is

the same as the value under continuous tests.

Define an ordinal test (T',Cz) with T cut-off points and test outcome set [T =
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{0,1,2,..T — 1}, where

¢—¢
CTE{Cl,CQ,..7CT|01:£,6t+1:Ct+T_1,Vt_1 T—1}.
Let Ace(T) = 5 g . Then, ¢;y1 = ¢, +Ac(T) = ¢+ ;_gl)t,Vt =1,..,7 —1. The overall

follow up probability for individuals with CRC or polyps under this ordinal test is

S S O o el =3 Y W (9 (6),p2() ) [0 (H2)p2 + 10" (H1)pl].

i=1 ¢ercr i=1 tercr\o

(C.35)
Since for t € T¢7\0 and § € {0,1,2}, 0°7(¢|3) = Hs(crp1) — Hs(cr) = Hy(cr+Ac(T)) —
H;(¢;). Based on the definition of Ac(T), we have limg_,oo 07 (£3) = hs(cy) Ac(T).

Thus, when T' goes to infinity, we have

ill (C )pzl N
Thmp L(t) = S : = S = i (1),
oo hQ(Ct)pi + ha(c)p; + hole) (1 — pi — pj)
h 2
lim pi2(t) = - < 2<Ct)2pl = P (cr).
T—00

ha(ce)p? + ha(c)p; + ho(e)(1 — p — p?)

Because W() is continuous on R?, Equation (C.35) can be rewritten as:

(C.35) Z lim Z W( (ct)> lha(c)p? + T (cn)pl] - Ac(T)
:ZTlgEO 3 f(ctﬂhQ(Ct)pi + ﬁiLl(Ct)pﬂ - Ac(T)
- pa Ylggotz; ;(§+ (;:gft)[ﬁ2(£+ (gﬂ__%)t)p? +7’1iL1(£+ (;__gl)t)pﬂ . (;:gft — (C.34).

Thus, if policymakers uniformly choose infinitely many cut-off points from [¢, (], the

overall adjusted follow-up probability is the same under a continuous tests. O]

C.7 Survey

Purpose of this survey: This survey is to understand your perception of colorectal

cancer and its screening guidelines. The information you provide in this survey will
be used to understand the current awareness level of colorectal cancer and further

help design screening guidelines to improve public health.
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Part 1: Background for Colorectal Cancer and Its Screening
1. Colorectal cancer, also known as bowel cancer, colon cancer, or rectal cancer, is
any cancer that affects the colon and the rectum. Colorectal cancer can develop from
a "polyp”, a nonspecific term to describe a growth on the inner surface of the colon.
This survey aims to understand your awareness and opinions towards colorectal cancer
and its screening process.
Which of the following apply to you? Please tick all that apply.

a. I have a medical history of colitis (inflammation of the inner lining of the colon)

b. I have a medical history of polyps

c. I have a medical history of colorectal cancer

d. T have a close relative with colorectal cancer (parents, siblings, or children)

e. I have 2 or more close relatives with colorectal cancer (parents, siblings, or
children)

f. T have a close relative with other cancers (parents, siblings, or children)

g. None of the above

2. A fecal occult blood test (FOBT) looks at a sample of your stool (feces) to check
for hidden (occult) blood that you can’t see with the naked eye. The Faecal Immuno-
chemical Test (FIT) is an advanced version of FOBT. These tests are preliminary
tests that are used to estimate the chance of having polyps or bowel cancer by detect-
ing occult blood in the stool sample. We are interested in your views on the accuracy
of these tests.

If 100 people who have colorectal cancer take a FOBT/FIT test, how many do you

think will incorrectly be classified as not having colorectal cancer?

3. Now consider the opposite scenario: If 100 people who do not have colorectal

cancer take a FOBT/FIT test, how many do you think will incorrectly be classified
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as having colorectal cancer?

4. Have you ever done a FOBT/FIT before? If yes, how many times?
a. No, never
b. Yes, once in the past
c. Yes, more than once, but not regularly
d. Yes, regularly, but less than once a year

e. Yes, regularly, once a year

5. If Yes in Q4, have you received a positive result (indicating the presence of blood
in your sample) from an FOBT/FIT test? If yes, how many times?

a. No b. Yes, once c. Yes, more than once

6. If No in Q5, imagine you received a positive result from an FOBT/FIT test, and
the doctor recommended that you have a colonoscopy. Which of the following factors
would you consider when deciding whether to follow the doctor’s recommendations?
Please check all that apply

a. My medical history

b. My age

How confident I am about my health condition

o

d. How much I trust my doctor

. Accuracy of FOBT/FIT

@

=

How much I want to know my actual health condition

g. Embarrassment of doing a colonoscopy

=

. Comfort of a colonoscopy
i. Price of a colonoscopy

j. How supportive my family/friends were
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k. None of the above

Please check questions Q9-Q16 based on your option in Q6.

7. If Yes in Q5, did you consult any doctors after receiving the positive result? Please
check all that apply.

a. No, I did not consult any doctors

b. Yes, A doctor I consulted recommended waiting

c. Yes, A doctor I consulted recommended a follow-up colonoscopy

d. Yes, A doctor I consulted recommended another FOBT/FIT

e. Yes, A doctor I consulted recommended a different test other than FOBT /FIT

or colonoscopy

8. If Yes in Q7, which of the following factors did you consider when deciding whether
to follow the doctor’s recommendations? Please check all that apply

a. My medical history

b. My age

¢. How confident I am about my health condition

d. How much I trust my doctor

. Accuracy of FOBT/FIT

]

—

. How much I want to know my actual health condition
g. Embarrassment of doing a colonoscopy

h. Comfort of a colonoscopy

i. Price of a colonoscopy

j. How supportive my family/friends were

k. None of the above

Please check questions Q9-Q16 based on your option in Q8.
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9. If you choose "My age” in Q6/Q8, which of the following statements best describes
how you felt about your age?
a. [ thought I was too old for a colonoscopy b. I did not think I was too old

for a colonoscopy

10. If you choose "How confident I am about my health condition” in Q6/Q8, which
of the following statements best describes how you felt about your health condition?
a. I was extremely confident that I was healthy
b. I was somewhat confident that I was healthy
c. I was a bit worried

d. I was very pessimistic

11. If you choose "How much I trust my doctor” in Q6/Q8, which of the following
statements best describes how you felt about your doctor?

a. I did not trust the doctor at all

b. I did not trust the doctor very much

c. I was neutral about the doctor

d. I trusted the doctor somewhat

e. I trusted the doctor completely

12. If you choose "How much I wanted to know my actual health condition” in
Q6/Q8, how much did you want to know your actual health condition?

a. | was very eager to know my actual health condition

b. I wanted to know my actual health condition

c. I was afraid to know my actual health condition

13. If you choose ” Embarrassment of doing a colonoscopy” in Q6/Q8, which of the fol-
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lowing statements best describes how embarrassed you felt about doing a colonoscopy?
a. I felt very embarrassed of doing a colonoscopy
b. I felt somewhat embarrassed of doing a colonoscopy

c. I didn’t feel embarrassed of doing a colonoscopy

14. If you choose ” Comfort of a colonoscopy” in Q6/Q8, before the colonoscopy, how
comfortable did you expect that the procedure would be?

a. I expected that the colonoscopy would be uncomfortable

b. I expected that the colonoscopy would be manageable

c. I expected that the colonoscopy would be enjoyable

15. If you choose ”Price of a colonoscopy” in Q6/Q8, which of the following state-
ments best describes how you felt about the price of the colonoscopy?

a. I thought colonoscopy was costly

b. I thought colonoscopy was affordable

c. I thought colonoscopy was cheap

16. If you choose "How supportive my family/friends were” in Q6/Q8, which of the
following statements best describes the support of your family/friends?

a. My family /friends were very supportive of me doing a colonoscopy

b. My family/friends were somewhat supportive of me doing a colonoscopy

c. My family/friends were not supportive of me doing a colonoscopy

d. My family/friends were against me doing a colonoscopy

17. We are interested in your understanding of the facts relating to colorectal cancer.
Please indicate whether you think that each of the following statements is True or

False.
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a. Colorectal cancer is the most diagnosed cancer in Singapore and the second
most common cause of cancer-related deaths. Every day, around five Singaporeans
are diagnosed with colorectal cancer and two die of it.

b. Even if colorectal cancer is detected at an early stage, it can only be controlled
and is unlikely to be cured.

c. If colorectal cancer is detected at stage 1 the survival rates can be as high as
92%, compared to 11% for stage 4.

d. Few instances of colorectal cancer begin as polyps. So even if polyps are re-
moved in a timely manner, patients can still develop colorectal cancer from other
sources.

e. Early-stage polyps or colorectal cancer cannot be detected by regular screening.

f. If polyps are detected during a colonoscopy, the patient needs to make another
appointment for a procedure to remove the polyps.

g. Colonoscopy is very accurate (almost 100%), but it is very costly and has po-
tential serious side effects.

h. The nationwide Screen for Life (SFL) programme offers affordable and conve-
nient screening for colorectal cancer.

i. Singaporeans and PRs aged 50 and above can obtain FOBT /FIT kits for free
from the Singapore Cancer Society (SCS), once a year.

j. FOBT/FIT should be done once every year. If the result is positive, colonoscopy

is strongly recommended.

Part 2: General Information

18. What is your age?

19. What is your current marital situation?

a. Married  b. Single (never married)  c. Separated  d. Divorced  e.
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Widowed

20. Do you have any other health insurance plans such as insurance through em-
ployer, a business, or health insurance you buy for yourself?

a. Yes b. No

21. Do you own or partly own the house or apartment in which you live?

a. Yes b. No

22. If Yes in Q21, aside from the apartment in which you live, do you own (or co-own)
any other real estate, such as residential properties, rental real estate, or land? Please
do not include business property, that is any property that is used by a business that
you might own.

a. Yes b. No

23. What is your monthly consumption of tobacco?
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