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Abstract

Endured by the growing prevalence of cardiovascular diseases (CVDs), the demand for
cardiac care services has increased. On the other hand, the supply of cardiologists is
expected to be insufficient to meet this growing demand. Considering this imbalance
between demand and capacity, cardiology clinics strive to improve their services. Thus,
this dissertation proposes two approaches for improving cardiac care services through the
application of predictive and prescriptive analytics. The first approach develops an efficient
appointment system (AS) that allocates patients' demand during the clinic session
effectively to improve resource utilization and patient satisfaction. The proposed AS also
addresses the problem of clinical uncertainties, such as patient no-shows and service-time
variability, which adversely impact AS efficiency by developing a predict-then-schedule
framework. In the predict step, patient-specific no-show risk and service duration are
estimated using machine learning (ML) models. The schedule step determines the
appointment time and interval for each patient using a sequential AS that leverages the ML
predictions. In addition, four new ML-enabled sequencing rules are proposed. The
proposed approach and sequencing rules are validated using real clinical data. Besides, the
effectiveness of integrating ML-based uncertainty predictions into the AS design is also
evaluated for 32 different clinic environments. Results indicate that an AS design adopting
the predict-then-schedule approach always dominates the conventional system and could
improve the efficiency by 60%. The new sequencing rules can improve the AS
performance by up to 40% when compared to the existing policies. Finally, several

managerial insights on sequencing and overbooking are also provided. On the other hand,
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the second approach develops an ML-based model to predict the long-term CVD risk that
can aid in the early detection of CVD. Unlike the existing tools for CVD risk assessment
which are only applicable to adults and use cross-sectional data. This research provides the
first long-term ML-based CVD risk prediction model among adolescents based on a
longitudinal dataset. Our results indicated the capability of ML models to accurately predict
the long-term risk of CVVD among adolescents. In addition, the most significant factors for
predicting CVD risk among adolescents are identified. Furthermore, the proposed model
can be used to identify individuals who are at high risk of developing CVD early in life
and provide them with the necessary guidance and preventive treatment, which improves
the quality of life, lower healthcare costs, and reduces the demand for cardiac care services

later.



Chapter 1. Introduction

Cardiovascular diseases (CVDs) affect more than half of the U.S. adult population [1],
accounting for an average of 40.5 million visits between 2014 and 2016 [2-4]. Almost
40% of the U.S. population is expected to have CVD by 2030, with direct medical costs
approaching $1 trillion [5]. Despite these statistics, mortality related to CVD declined by
38% between 2003 and 2013. This could be attributed to the risk factor modification,
advanced treatments, and technologies [6]. However, decreasing mortality is not the same
as decreasing CVD prevalence. By 2030, the occurrence of CVD is projected to increase
by 4.5% [5]. While some progress has been made, cardiovascular disease remains the
leading cause of death in the United States, and the demand for cardiac services has
increased significantly. This increasing trend in CVD has been attributed to insufficient
awareness of CVD, limited planning for early prevention interventions, and the increasing
dominance of CVD risk factors, such as obesity, diabetes, blood pressure, and elevated
blood cholesterol [7]. As a result of this growing demand , cardiac care services are
struggling to provide timely access, patients are experiencing long wait times, and doctors
are overburdened with clinical responsibilities [8]. Thus, this study proposes two methods
to improve the delivery of cardiology clinics: the first approach focuses on improving
resource utilization and patient experience through the design of an appointment system
(AS). An AS can smooth patient demand by matching appointment requests to available
capacity, thereby effectively utilizing resources such as physicians, nurses, and medical
equipment. From the patient’s perspective, the AS has the potential to reduce their waiting

time at the clinic through proper planning and allocation of resources [9]. On the other



hand, the second approach tries to reduce the demand for cardiology clinics by developing
a clinical decision support tool that can aid in the early detection of CVD risk. Since around
20-40% of heart attacks occur in individuals who have never been diagnosed with CVD
[10], such a tool can identify individuals who are at high risk of developing CVD later in
life and provide them with the necessary guidance and preventive treatment. Which in turn

reduce the demand for cardiac care services later.

1.1 Designing an effective AS for cardiology clinic

Cardiology clinics should have an efficient appointment system (AS) to schedule patients
and deliver a quality of care within their constrained resources. An Appointment system is
designed to allocate patient demand during the clinic session such that the physicians’ time
is effectively utilized, and patients are satisfied. Therefore, designing an AS for a

cardiology clinic can help improve the clinics delivery and resource utilization.

1.1.1 Appointment system (AS) in healthcare

Several studies have been carried out to increase the efficiency of AS in healthcare settings
since the pioneering work of Baily's in 1952 [11]. The ultimate goal is to increase the
productivity of resources and synchronously provide a high quality of care [12]. From a
doctor's perspective, it is imperative to reduce idle time and clinic overtime. On the other

hand, long waiting times can't be endured by patients. Thus, a well-designed appointment



system will try to balance patients' and physicians' preferences, such that patients are
satisfied (less waiting time), and physicians are effectively utilized (less doctor’s idle time
and overtime). Outpatient clinics use AS to distribute their workload over time. For a
particular day, the clinic session is divided into smaller appointment durations called
(slots). Each patient is assigned to a slot/slots depending on three decisions adapted by the
clinic AS, and these include (i) allocation decisions, (ii) sequencing decisions, (iii) and no-

show adjustments.

1.1.1.1 Allocation decisions

Allocation decisions assign patients’ appointments depending on two characteristics: block
size and block interval. The block size determines the number of patients be scheduled in
each slot; patients can be scheduled individually, in groups of constant size, or variable
block size. In addition to block size, block intervals are used to identify the appointment
duration (number of blocks) assigned for each patient. These also can be constant or
variable. Usually, appointment intervals are set equal to some value, such as the mean

consultation times for patients. Some of the most common allocation decisions are:

i.  Single block: assign all patients to a single block at the start of the clinic session.
For example, all patients for the morning session are assigned the same appointment

start time, and they will be served on a first call, first-appointment basis.



ii.  Individual block/Fixed interval: allocates each patient to a specific appointment slot

with constant appointment duration (i.e., the mean of consultations durations)

iii.  Multiple block/Fixed interval: schedule m number of patients to each slot with

constant appointment intervals.

iv.  Variable bock/Fixed interval: schedules patients in different block sizes with

appointment durations kept constant.

v. Individual block/Variable interval: schedules patients individually by varying the

appointment intervals.

1.1.1.2 Sequencing decisions

Sequencing decisions are used to define the order in which patients are scheduled to the
appointment slot. When no distinct group is used to classify patients, they are scheduled
on the first call, first-appointment basis. However, if patients are classified based on certain
characteristics, then they can be sequenced based on these characteristics. Several
characteristics were used to categorize patients in the literature, such as return/new patients,

high/low variation in service time, and the type of procedure. [13,14].



1.1.1.3 No-show adjustments decisions

Even though many administrative policies effectively mitigate the effect of no-shows, such
as sending automated text messages, reminders, e-mails, and phone calls, it is not
completely possible to eliminate no-shows [15]. Therefore, the AS should be adjusted to
reduce their harmful effect. Previous work has investigated two approaches to adjust for
no-shows. White et al. [16] consider the overbooking policy where extra patients are
scheduled to accommodate the average number of no-shows. The results showed that
adding extra patients can improve the system performance. Fetter et al. [17] suggested
adjusting the appointment intervals according to the expected number of no-shows. On the
other hand, Cox et al. [18] introduced an approach that sets the appointment intervals equal
to the revised consultation length based on the expected probability of no-show. Thus, to
compensate for no-shows, one can choose either overbooking or adjusting the appointment

intervals.

1.1.2 Challenges that undermine the effectiveness of AS in specialty clinics

Outpatient specialty clinics, such as cardiac and cancer care, use an appointment system to
manage access to their services. However, many uncertainties affect the efficiency of
appointment systems, such as demand uncertainty, variation in consultation length, and

patient no-shows.



Patient No-shows and late cancellations: An important cause of uncertainty in AS
is patient no-shows, when a patient fails to show up for an appointment without a
prior notice. This affects the clinic adversely since the allocated consultation length
can be totally wasted. Notably, a clinic loses an average of $200 in revenue for each
unused time slot, and the U.S. healthcare system is projected to lose $150 billion
annually due to no-shows [19] . To accommodate for no-shows, clinics tend to
schedule more patients than their capacity. The majority of clinics assume patients
are homogenous and have the same probability of no-shows. Therefore, they
double-book by an even percentage equal to the average probability of no-show in

the clinic.

Variation in consultation length: High variation in consultation length in specialty
clinics affects the scheduler’s ability to allocate provider time appropriately,
thereby posing a significant challenge for effective scheduling [20].
Underestimating consultation duration can lead to physician burnout, misdiagnosis,
and patient dissatisfaction [8,21]. On the other hand, consultation durations that are
longer than required lead to idle resources and fewer patient visits, which, in turn,
affects the clinic’s revenue [22]. The clinic's settings also consider as another
challenge for effective allocation of service times and scheduling. In primary care,
provider service times tend to be divided into equal-length slots as most of the
patients require service times that can be completed within a fixed time interval
[20,23]. On the other hand, allocating service times in specialty clinics are more

complicated as service times vary depending on patient diagnosis and other



characteristics. Thus, service times can't be divided into fixed intervals [20].
Therefore, a reasonable estimation of a service provider's time with a patient can
lead to better scheduling, improving timely access to care, resource utilization,

quality of care, and patient satisfaction.

iii.  Sequential appointment requests: sequential arrivals of appointment requests pose
a significant challenge in sequencing the patients. Prior works have demonstrated
sequencing to have a significant impact on patient waiting time and server idle time
[24]. To handle the sequential call-in requests, a first-call, first-appointment
(FCFA) policy is typically adopted in the case of a homogeneous patient
population; otherwise, patient classification is commonly used for sequencing [25].
For instance, the patients visiting the clinic for the first time are scheduled in the
morning, while patients returning for a follow-up visit are scheduled in the

afternoon session.

1.2 Developing ML-based model for early detection of CVD risk

While improving the AS design by taking into account patient-specific characteristics can
enable better management of growing cases of CVD and limited physician capacity, it does
not provide an opportunity for reducing CVD-related hospital visits. In other words, it is
not beneficial in reducing the demand for cardiac care. According to the Centers for

Disease Control and Prevention (CDC), more than 200,000 deaths from heart disease and



stroke each year are preventable. However, the primary challenge is that the treatment and
intervention strategies used for CVD are initiated late due to several reasons, such as lack
of awareness, symptoms, motivation, or misconceptions. Although CVD detection appears
later in life, the risk factors leading to CVD begin in childhood as young as 3 years old,
develop in early adulthood, and manifest into clinical disease at later stages [26,27].
Compelling research and empirical studies have identified several childhood/adolescent
risk factors that have been associated with CVD in adulthood. These include different
adolescent behaviors and characteristics, such as unhealthy diet, smoking, physical
inactivity, obesity, blood pressure, and lipids [28-34]. Thus, CVD risk assessments among
adolescents can facilitate early intervention and primordial prevention. However, a clinical
decision support tool for long-term CVD risk prediction among adolescents is not
available. Existing CVD risk assessment tools are based on measuring common risk factors
(i.e., age, hypertension, cholesterol, smoking, and diabetes) and predicting events over 10

years or a lifetime.

Existing CVD risk assessment tools are based on measuring traditional risk factors (i.e.,
age, hypertension, cholesterol, smoking, and diabetes) and predicting events over 10 years
or a lifetime. In other words, current CVD risk prediction models do not consider
behavioral and lifestyle factors as inputs, but instead focus on factors such as age, gender,
race, cholesterol, blood pressure, smoking status, and presence of diabetes to estimate the
10-year or 30-year risk of heart disease or stroke [31,35,36]. Moreover, most of these
models are based on cross-sectional data. Further, these risk calculators are only suitable

for adults. Therefore, these models are unable to predict the long-term risk of CVD in its



early stages and help the development of preventive interventions. In addition, all standard
CVD risk assessment tools are based on the assumption that each risk factor is related to
the CVD events in a linear fashion [37]. However, such an assumption may oversimplify
the complex relationships between the CVD outcome and a large number of risk factors
with non-linear interactions. Thus, other approaches that consider multiple risk factors and

determine complex relationships between risk factors and outcomes need to be explored.

Machine learning (ML) offers an alternative approach to standard prediction modeling that
may address current limitations. It has the potential to predict an outcome measure with
high accuracy based on its relationship with a set of input variables. Besides, it can learn
the complex and non-linear interactions between the predictors and an outcome, and
identify latent variables, which are unlikely to be observed but might be inferred from other
variables [38]. The recent growth in computational power and data accessibility has paved
the way for the use of ML algorithms in many healthcare applications. In particular, ML
techniques have shown promising results in prior research on disease prediction or risk

calculation [39-41].

1.3 Motivation

A practical AS should be designed to improve the operations of cardiology clinics such
that patient satisfaction and resource utilization are achieved. In addition, developing tools
that facilitate the early detection of CVD is needed to decrease the prevalence of CVD.

Given the above, the following serve as a motivation for this research:



1.3.1 Motivation for designing an effective AS for cardiology clinic

Vi.

The increased demand for cardiac care services due to increased CVD prevalence.
The increasing costs of cardiac care could be controlled by improving resource
utilization through an effective AS.

The challenges of AS, such as no-shows, variation in consultation length and
Sequential appointment requests.

The need for a better way for estimating consultation length and no-show rate.
The availability of historical data and electronic medical records (EMR) that could
be used to design a data-driven AS that incorporates patients’ characteristics.

The dearth of studies that integrate ML-based predictions into the AS design.

1.3.2 Motivation for developing ML-based model for early detection of CVD risk

The prevalence of CVD affects more than 50% of the U.S. population, and the
projection for its rate to increase to 4.5% in the coming decade.

The increasing costs of cardiac care could be controlled by an early detection of
CVD.

The increased prevalence of CVD due to insufficient awareness of CVD, limited
planning for early prevention interventions, and the increasing dominance of CVD
risk factors.

The need for long-term CVD prediction tools which assist in the early detection of

CVD.
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Vi.

Vil.

viil.

The lack of CVD risk prediction tools among adolescents.

The need to address the influence of adolescents’ risk factors in developing CVD
later in life.

The dearth of ML-based models for long-term CVD prediction among the available
CVD assessment tools.

The need to develop explainable ML models to enable stakeholders to understand

and trust ML solutions.

1.4 Research objectives

The following serve as key objectives for this research:

Vi.

Developing a data-driven ML approach to automate the prediction of consultation
length and no-shows.

Identifying critical variables for predicting no-shows and consultation length.
Assessing the effectiveness of adopting the ML-based predictions for allocating the
consultation duration during schedule planning.

Developing different sequencing rules for patient scheduling by leveraging no-
show and consultation length predictions.

Evaluating the proposed appointment rules based on the average total cost, which
is a combination of patient waiting time, doctor’s idle time, and overtime.
Investigating the impact of the ML-integrated AS design on several clinic

environments.

11



vii.  Examine whether a comprehensive set of adolescent factors can be used as inputs

to predict the long-term CVD risk score with higher accuracy.

viii.  ldentify the relative importance of each risk-factor in predicting the CVD risk

category.

ix.  Assess whether ML models can be converted into more transparent and explainable

solutions.

1.5 Organization of the proposal

The remainder of the proposal is organized as follows. A literature review about previous
work related to consultation length predictions, design of appointment system, and long-
term CVD prediction and the gap in the current work is presented in Chapter 2. The data-
driven approach to predict no-shows and consultation length is presented in Chapter 3. The
development of ML-enabled appointment system, different appointment and sequencing
rules for patient scheduling is detailed in Chapter 4. The development of ML-based model

for long-term CVD prediction is described in Chapter 5.

12



Chapter 2. Literature Review

In this chapter, we review previous work related to allocation decisions, sequencing
decisions, and no-show adjustment decisions. Additionally, we review notable literature
related to predictive analytics in healthcare, consultation length prediction, and long-term

CVD prediction.

2.1 Allocation decisions

The allocation decisions (also referred to as appointment rules) specify the number of
patients to be scheduled in each appointment slot (i.e., block size) and the appointment
duration. Depending on the allocation decision, an appointment slot can accommodate one
or more patients, while appointment intervals can be fixed across all blocks or varied. One
of the earliest AS designs was the single-block system, where all patients are scheduled for
the same appointment time [42]. However, such an allocation scheme will lead to long
waiting times for patients and an excessive burden on physicians. Thus, most of the
previous work recommended shifting from a single-block rule to an individual block fixed
interval (IBFI) setting, where the clinic session is divided into n blocks of equal intervals,
and one patient is scheduled in each block [11,43,44]. Several variants of the IBFI setting
were also investigated in the literature. For instance, one of the popular IBFI variants is the
2ATBEG rule, in which two patients are allocated to the first block, and one patient is
scheduled to each of the remaining blocks. Since the 2ATBEG rule assumes identical
service time distribution for all patients, the appointment interval was set to be equal to the

clinic’s average service duration [11]. Likewise, Ho and Lau [45] proposed the 4ATBEG

13



rule and conducted a comparative analysis of 50 allocation rules under different clinic
environments. The authors found 2ATBEG and 4ATBEG to be robust as they yielded
lower total cost (weighted sum of patient waiting time and doctor idle time) across all test

instances.

Previous studies have also investigated allocation decisions that assign fixed appointment
intervals with fixed block sizes as well as a more complex system with varying block sizes
[17,18,46]. Fries et al. [46] introduced the variable block fixed interval allocation system
and showed that it could reduce the weighted cost by up to 40% as opposed to a multi-
block assignment. More recently, Choi and Banerjee [47] proposed several variants of
variable block rules and found them to provide near-optimal solutions. However, only a
few research works have considered variable interval allocation rules [24,48,49]. Ho et al.
[48] conducted a simulation study to investigate the performance of different variable-
interval rules against the traditional rules. They have concluded that rules with larger
intervals at the end of the session yielded the best performance. Several analytical studies
also observed that allocation rules that gradually increase the appointment interval up to
the middle of the session and then modestly decrease it till the session end time (“Dome”
pattern) to be well-performing in most cases, especially when the service times are

independently and identically distributed [50,51].
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2.2 Sequencing decisions

Sequencing decisions determine the appointment time for each patient. Most prior works
consider a static scheduling problem (i.e., all appointment requests are known apriori) and
use mathematical programming models or heuristic algorithms to determine the best
sequence [13,24,52]. In the case of the sequential scheduling problem, several works
classified the patient population into distinct classes (e.g., in terms of service time or patient
status) and used them to sequence the appointment requests [42]. Some of the classes used
to sequence patients in the literature include new/return patients, variability in the service
time (i.e., low/high variation), and type of procedure [18,53,54]. For instance, Klassen et
al. [13] proposed to sequence patients based on their service time (i.e., low and high) and
evaluated different scheduling rules. They concluded that scheduling patients with low
service time standard deviation from the beginning of clinic session could consistently
yield lower total cost in different clinic environments. Similarly, Cayirli et al. [42] used
patient status (whether new or return) to sequence the patients. They showed that
sequencing new patients from the beginning perform well for multi-block fixed interval
rules, while sequencing return patients from the beginning are best suited for individual
block fixed interval allocation system. Erdogan et al. [55] developed a stochastic mixed-
integer programming model to determine the optimal sequence and found FCFA to be a
good sequencing rule if the service time distribution and waiting time cost of all patients

are assumed to be the same.
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2.3 No-show adjustment decisions

The previous work on no-show adjustment can be grouped into two overbooking strategies:
(i) schedule one patient per slot but shorten the consultation duration proportional to the
expected no-show probability and (ii) schedule two or more patients for the same slot (e.g.,
double-booking) without altering the estimated appointment interval. One of the earliest
studies on appointment shortening was by LaGanga and Lawrence [56], where a utility
function was developed to achieve a trade-off between the benefits and risks of
overbooking. Their analytical study concluded that it is beneficial to overbook by
compressing the appointment interval if the clinic experiences high demand, low service
time variability and high no-show rates. Subsequently, LaGanga and Lawrence [57]
conducted an extensive simulation study to evaluate several scheduling rules that employ
both the overbooking strategies (shortening and double-booking). They concluded the
appointment shortening to be suitable for lowering patient waiting time, while double-
booking can reduce provider overtime. Cayirli and Yang [12] proposed a universal
appointment rule by considering patient classification and adjusted for no-shows by
shortening the appointment interval. Their simulation study demonstrated the benefit of
such an approach for different clinic environments. With regard to the second overbooking
strategy (i.e., two or more patients in the same slot), several works considered patient-
specific no-show risk to determine the best slots for overbooking [49,58-61]. Muthuraman
et al. [58] classified patients according to their probability of no-show and scheduled them
sequentially based on a stochastic overbooking policy as well as a myopic scheduling rule.

Srinivas and Ravindran [49] double-booked only patients with low and high no-show risk

16



to the same slot and compared two policies — double-booking the first available slot and
evenly distributing the overbooked slots throughout the schedule. The authors found evenly
distributed double-booked slots to reduce provider overtime and patient waiting time, while
the other policy lowered doctor idle time. Srinivas and Ravindran [59] designed an AS by
considering a double-booking strategy to compensate for no-shows. Their experimental
results suggested double-booking at the beginning for clinics with high no-shows. They
also found the optimal number of slots to double-book to be dependent on no-show rate,

patient waiting time cost and doctor idle time cost.

2.4 Data analytics in healthcare

Over the years, the healthcare industry has generated a large amount of data, resulting
from record-keeping, compliance and regulatory requirements, and patient care
[62]. Driven by the necessity to improve healthcare delivery while reducing costs, this large
amount of data has the potential to support a wide range of healthcare functions such as
decision support, disease surveillance, and prevention [63,64]. Therefore, the topic of
healthcare data has been investigated recently due to the potential of big data analytics in
improving care, saving lives, and reducing costs. Analytics in healthcare is characterized
by three domains, namely, descriptive, predictive, and perspective. Descriptive analytics
has been investigated in healthcare to analyze patient behavior and gather insights from
data summary [65]. For instance, Abdel-Basset et al. [66] proposed a framework based on
data obtained from body sensors and patients' mobile phones regarding heart failure

symptoms; this data then was used by clinicians to categorize patients into different groups
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depending on their symptoms; afterward, different techniques were used to recognize,
observe, and control heart failure disease with minimal costs. The application of predictive
analytics in healthcare abounds; some of these applications are predicting inpatients’ length
of stay [67]. Predicting the likelihood of diabetes at early stages using a set of different
attributes (i.e., age, BMI, and blood pressure) [68] . Predicting the risk of CVD based on
patient lifestyle [69]. Despite the wide range of descriptive and predictive analytics in
healthcare, researchers are still investigating the domain of perspective analytics in
healthcare. According to Raghupathi et al. [70], healthcare applications of prescriptive
analytics include personalized medicine and evidence-based medicine. Some studies have
explored data-driven approaches for improving AS performance. For instance Srinivas [49]
has suggested different scheduling rules that integrate patient-specific no-shows. It was
found that his proposed scheduling rules outperformed the existing rules across all clinic
settings. Bentayeb et al. predicted the radiotherapy treatment duration using ML
algorithms, then using the predicted durations, new scheduling rules were proposed. Based
on the proposed rules, more patients were served, patients' waiting times, and technologists

over time were significantly improved [71].

2.5 Consultation length and no-show prediction

Realizing the importance of consultation length, a substantial number of existing works
have focused on examining the factors influencing the consultation length [21,72—77]. The
impact of patient characteristics was of particular interest in many studies [8,21,72,77].

Some works found older adults, females, and first-time patients to be associated with more
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extended physician office visits [8,21,72,77], while a meta-analysis indicated no significant
difference in consultation length for male and female patients [73]. Prior research also
examined the variables associated with the care provider and the clinic [21,72,77].
Nevertheless, these works may not be suitable or effective for estimating the consultation
length of individual patients. To overcome the drawbacks, a limited number of recent
studies have sought to predict the duration of physician visits using machine learning (ML)
approaches [22,78,79]. Strahl [80] estimated the consultation duration of an outpatient
clinic using linear regression and found the patient’s gender, appointment time, and surgery
history to be significant predictors. They showed a regression-based estimation of
consultation length to achieve superior performance over the traditional approach of
allocating fixed durations. In another study, Agnes [23] predicted the consultation length
for a digital primary care clinic using the doctor’s average service duration and other
pertinent information extracted from patient-reported symptom form. Recently, Bentayeb
et al. [71] predicted the radiotherapy treatment duration based on four factors — cancer
category, care plan, patient status, and appointment room. They tested four ML algorithms
(linear regression, neural networks, multivariate adaptive regression splines, regression

trees), and found the tree-based model to perform the best.

Nonetheless, the literature pertaining to ML-based models for predicting consultation
length had several limitations. First, prior prediction models postulate that all patients
would adhere to their appointments and do not consider the possibility of no-shows (i.e.,
zero service time) when predicting consultation duration. However, in practice,

consultation length is a semicontinuous variable. It is a mixture of zeros (if patients miss
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their appointment) and continuously distributed positive values (if patients attend their
appointment). Thus, predicting such semicontinuous data solely based on a continuous ML
model is not desirable [81]. Second, they only consider a limited number of risk factors
(typically varying from 3 — 4) that were primarily related to the patient characteristic. As a
result, many potential risk factors that can improve the prediction performance of the
model, such as appointment type, may have been overlooked. Third, raw data obtained
from electronic medical records (EMR) were typically used as risk factors in prior research,
and little emphasis was given on transforming them into derived variables (feature
engineering), which could better represent the problem and improve prediction accuracy
[82,83]. Finally, none of the existing work quantifies or assesses the impact of adopting

ML-based consultation length prediction on appointment systems’ efficiency.

2.6 Long-term CVD prediction

While Sections 2.1-2.5 reviewed the prior research pertaining to the key decisions on
designing an AS and approaches for handling clinical uncertainties, this section focuses on
reviewing studies pertaining to long-term CVD prediction. The association between
childhood/adolescent risk factors and the development of CVD in adulthood has been
investigated extensively in the literature. Several prior works examined the impact of a
single risk factor on CVD [32,84,85]. Tirosh et al. [32] conducted a prospective study in
which the BMI of 37,674 young men were tracked to investigate the association between
adolescent BMI and adulthood diabetes as well as CHD. The results showed that higher

BMI in adolescence is a significant predictor for both diabetes and CHD in adulthood.
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Ferreira et al. [84] observed the carotid stiffness measures for 373 subjects between 13 to
36 years old and concluded that subjects who have stiffer carotid arteries at the age of 36
years were characterized by higher levels of blood pressure between the ages of 13 to 36
years. Besides BMI and hypertension, lipids and their distribution were found to
determinants of CVD. Considering its significance, Ferreira et al. [85] assessed the
relationship between estimates of body fats and its distribution during adolescent (13 -16
years) and the arterial stiffness at age of 36. It was concluded that the adolescent truncal

fat accumulation was correlated with the increased arterial stiffness at the age of 36.

Other studies have investigated adolescent lifestyle (i.e., smoking, diet, and physical
activity) and its association with CVD in adulthood [30,31,86,87]. Van De Laar et al. [86]
studied the interrelation between smoking in adolescence (age 15 years), and the arterial
stiffness in young adults (23 years). Their results showed that smoking in adolescence was
associated with higher arterial stiffness in adulthood. Mikkild et al. [30] showed that a
dietary pattern characterized by high consumption of rye, potatoes, butter, sausages, milk,
and coffee was positively correlated with developing subclinical atherosclerosis among
men. Adolescent physical activity, another important lifestyle factor, has been investigated
by prior studies to examine its association with adulthood vascular measures. According to
the Young Finns Study [31] and the European Youth Heart Study [87], higher physical
activity levels in adolescents are associated with lower carotid intimal-medical thickness
in adulthood. On the other hand, mental health-related factors, such as stress and
depression, were found to be associated with poor health outcomes, including CVD [88—

90]. In addition to the traditional CVD risk factors (i.e., hypertension, lipids, and diabetes),
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social determinants of health, which can be represented by socioeconomic status (SES),
have a significant impact on CVD development [91]. According to [92-95], four factors
of SES have revealed an association with CVD in high-income countries and these include

income level, educational attainment, employment status, and environmental factors.

Prior research also investigated the relationship between multiple risk factors such as
biomarkers and lifestyle factors in childhood and the development of CVD later in life
[31,35,36]. For instance, Raitakari et al. [35] found that the development of atherosclerosis
in adulthood was significantly associated with the childhood CVD risk factors such as
triglycerides levels, body mass index, systolic blood pressure, and smoking. Similarly [31]
investigated if high LDL-cholesterol, low HDL-cholesterol, high blood pressure, obesity,
diabetes, smoking, low physical activity, infrequent fruit consumption in childhood were
associated with a 6-year change in carotid intima-media thickness (IMT) in young. They
found that children with these attributes have a significant association with increased IMT,
which indicates a higher atherosclerosis progression rate in adulthood. Another study
conducted by [36] examined multiple CVD risk factors (i.e., gender, age, serum lipoprotein
concentrations, smoking, hypertension, obesity, and hyperglycemia) in adolescents and
their association with the IMT in adulthood. These factors are found to be associated with

the increased IMT, indicating a higher CVD risk for young adults.

Although most of the previous research seeks to find an association between adolescent

risk factors and adulthood CVD risk, some researchers developed multivariable prediction

algorithms intended to assist clinicians in CVD risk assessment. The importance of these
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algorithms is emphasized in their incorporation into the treatment recommendations for
adults [96-99]. For instance, Assmann et al. [96] constructed a simple scoring model for
calculating the risk score of acute coronary events based on the 10-year follow-up for
around 5000 men aged 35 to 65 years old. First, they developed a cox proportional hazards
model using eight risk variables, including — age, LDL cholesterol, smoking, HDL
cholesterol, systolic blood pressure (SBP), family history of premature myocardial
infarction, diabetes mellitus, and triglycerides. Then a simple scoring system was created
based on the coefficients of the cox model. Their system was able to predict the coronary
events with an area under the receiver-operating characteristics curve (AUROC) of 82.4%.
Ridker et al. [97] developed the Reynolds risk score for men, and considered C-reactive
protein and family history as independent risk factors. Their results showed that including
these two variables improves the risk prediction significantly. Another 10-year scoring
system is developed by the SCORE project to estimate the risk score of fatal cardiovascular
disease in Europe. The system is developed based on 12 European cohort studies and the
risk is calculated based on the Weibull model using three independent risk variables (i.e.,
smoking, cholesterol, stylistic blood pressure) [98]. Unlike the previous CVD risk
prediction models, Pencina et al. [99] developed a 30-year risk prediction model for CVD
based on the Framingham heart study. They used a modified Cox model that allows
adjustment for competing risk of non-CVD death and utilizes standard risk factors that can

be collected during a physician's office visit (i.e., sex, age, SBP, smoking).

Most of the previous risk prediction algorithms for CVD used a limited number of risks

factors and assumed a linear relationship between the CVD events and input predictors.
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Thus, some studies have been conducted to assess whether recent techniques such as
machine learning (ML) can improve the prediction accuracy of CVD [100-102].
Kakadiaris et al. [100] developed a ML risk calculator based on support vector machines
(SVM) and compared it to the American College of Cardiology/American Heart
Association (ACC/AHA) risk calculator. The ML-based tool provided better predictive
performance than the ACC/AHA calculator yielding higher sensitivity, specificity, and
AUCROC. In another study, four ML algorithms, including random forest, logistic
regression, gradient boosting machines, and neural networks, were compared to the
ACC/AHA risk calculator to predict the first cardiovascular event over 10-years. As
opposed to the established risk calculator, ML algorithms improved the prediction by
accurately predicting more CVD and non-CVD events [101]. Kim et al. conducted a
comparative analysis of 10 different machine learning algorithms to predict CVD using the
National Health Insurance Service — Health Screening dataset. Their results showed that
ML models outperformed previously proposed prediction models and improved the CVD
prediction. Moreover, their comparative analysis revealed that extreme gradient boosting
machines and random forest achieved the highest accuracy and AUC of 81.2% and 81.1%,

respectively [102].

2.7 Research gap and contributions

Based on the analysis of the previous work, different gaps in the literature have been
identified relating to the design of AS, consultation length prediction, and long-term CVD

prediction.
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2.7.1 Gaps in the literature

The previous work related to the design of AS has several limitations. First, the majority
of studies assumed homogenous patients, and therefore, they consider all patients to have
the same probability of no-show and same consultation length. However, these two can
differ according to the patients' characteristics and the clinic's environment. Given the
previous work, there is a lack of using data-driven approaches in the design of AS. Finally,
the vast majority of the previous studies sequenced patients without considering the
patient-specific characteristics such as predicted service times of patients. The literature
pertaining to ML-based models for predicting consultation length had several limitations.
First, prior prediction models postulate that all patients would adhere to their appointments
and do not consider the possibility of no-shows (i.e., zero service time) when predicting
consultation duration. However, in practice, consultation length is a semicontinuous
variable. It is a mixture of zeros (if patients miss their appointment) and continuously
distributed positive values (if patients attend their appointment). Thus, predicting such
semicontinuous data solely based on a continuous ML model is not desirable [81]. Second,
they only consider a limited number of risk factors (typically varying from 3 — 4) that were
mostly related to the patient characteristic. As a result, many potential risk factors that can
improve the prediction performance of the model, such as appointment type, may have
been overlooked. Third, raw data obtained from electronic medical records (EMR) were
typically used as risk factors in prior research, and little emphasis was given on
transforming them into derived variables (feature engineering), which could better

represent the problem and improve prediction accuracy [82,83]. Finally, none of the
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existing work quantifies or assesses the impact of adopting ML-based consultation length

prediction on appointment systems’ efficiency.

With regard to early detection of CVD, existing association studies and prediction models
have several limitations. First, most previous research focuses on the impact of a single
risk factor (such as gender, total cholesterol, HDL cholesterol, systolic blood pressure, and
smoking) on cardiovascular disease, thereby providing limited scope for risk assessment
among adolescents. Second, studies that consider the impact of more than one risk factor
(such as Framingham risk-score model and ASCVD Risk Estimator Plus) on CVD use
different forms of regression or multivariate analysis and assume the risk factors are related
to CVD in a linear pattern. As a result, the complex synergistic interaction of risk factors
is not recognized. Third, almost all the existing prediction models use factors such as age,
gender, race, cholesterol, blood pressure, smoking status, and presence of diabetes to
estimate the 10-year or 30-year risk of heart disease or stroke and don’t consider other
behavioral and lifestyle’s factors as inputs to their models. Most importantly, all existing
risk prediction models are applicable only for adults above the age of 30 years and are not
suitable for determining the long-term impact of unhealthy behavior in the earlier
adolescent years. Finally, very little academic research is devoted to the development of a
predictive model that is able to categorize adolescents as high or low risk of CVD in
adulthood. This research aims to overcome the above-mentioned limitations in the
literature. Specifically, the ML-based CVD risk predictor developed in this research applies
to the adolescent population. Moreover, the proposed risk scoring method is unconstrained,

assuming all possible forms of relatedness of risk factors and incidence of CVD risk.
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2.8 Research Contributions

This research has several contributions related to the design of AS, consultation length

prediction, and long-term CVD prediction.

2.8.1 Contributions related to consultation length prediction

This study deviated from the literature in the following manner:

This is the first study that applied data-driven approaches to predict consultation
length in a cardiology clinic to the best of our knowledge

Considering the heterogeneity of patients, patient-specific no-shows and
consultation length are predicted using ML algorithms.

The length of office visits for cardiac care was predicted using an ML-based two-
part modeling approach, where a classification model was employed to predict no-
shows (i.e., categorize the consultation length as zero or positive), and a ML
regression algorithm was developed for estimating consultation lengths of patients
who are predicted to come for the appointment.

A comprehensive list of 16 risk factors that include both raw and feature engineered
data relating to the patient, appointment, and provider were considered.
Specifically, this is the first study on ML-based consultation length prediction to
include information relating to the appointment as well as other unique risk factors
such as the patient-specific historical average of service time and provider’s

experience.
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Vi.

Vii.

Deep learning and ensemble ML models (such as random forests and gradient
boosting) were developed as preceding works on consultation length prediction
have not employed them despite their popularity.

Comparative analysis of multiple ML algorithms was considered, and the most
prominent model-specific variables for predicting no-shows and consultation
duration were identified.

The impact of leveraging ML-based predictions for AS design was studied.

2.8.2 Contributions related to ML-enabled AS design

This research differs from previous works and contributes in the following ways:

This is the first work to investigate the impact of integrating ML-based prediction
of no-show and consultation length into existing AS configurations.

A predict-then-schedule framework that capitalizes on patient-specific predictions
of clinical uncertainties to design an AS is proposed. The proposed framework
designs an AS by jointly considering the three decisions (allocation, sequencing,
and no-show adjustment) along with patient classification.

Four new online sequencing rules based on the ML-enabled prediction of
consultation length are developed.

Clinical data obtained from a cardiology clinic is used for ML-algorithm
development, simulation of the scheduling process and validation of the proposed

approach.
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V.

The impact of ML algorithm’s predictive accuracy on the performance of the AS is

investigated.

2.8.3 Contributions related to long-term CVD risk prediction

This research overcome the beforementioned limitations in the literature and innovates the

field in five ways:

This is the first study to provide long-term CVD risk ML prediction model among
adolescents based on a longitudinal dataset to best of our knowledge.

The proposed risk calculation applies to the adolescent population while currently
developed CVD risk calculators only apply to the adult population.

While the statistical expectations of the currently used CVD risk calculator limit
the model’s prediction ability, the proposed risk scoring method is unconstrained,
assuming all possible forms of relatedness of risk factors and incidence of CVD
risk.

This study identifies the influence and relative importance of each adolescent risk
factor in predicting the adulthood CVD risk score, which, in turn, can highlight the
importance of unidentified factors until now. This would provide a new opportunity
for future research.

This study develops non-parametric machine learning (ML) models, which tend to
identify relationships previously masked through the use of stochastic models

[37,103].
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Chapter 3. Consultation Length and No-show Prediction for Improving
Appointment Scheduling Efficiency at a Cardiology Clinic: A Data

Analytics Approach

The observed consultation length at specialty clinics, such as cardiology care, is
represented by two underlying groups - one with zero service time due to patient no-shows,
and the other characterized by positive values with high variance. This inconstancy affects
the scheduler’s ability to accurately estimate consultation length, which, in turn, hinders
effective utilization of the clinic’s resources and timely access to care. The objectives of
this study were to: (i) predict the consultation length by accounting for its semicontinuous
nature (i.e., zero in case of no-shows and positive otherwise), using machine learning (ML)
algorithms, (ii) identify important features for predicting no-shows and non-zero
consultation length, and (iii) assess the impact of integrating the ML-based prediction with

the appointment scheduling system.

3.1 Methodology

To predict the consultation length using an ML-based two-part modeling approach, we
adopt the CRoss-Industry Standard Process for Data Mining (CRISP-DM) methodology —
an industry-proven framework that provides a structured approach for planning,
developing, evaluating and executing data analytics tasks [104,105]. An overview of the
CRISP-DM methodology is shown in Fig. 1, and the following subsections describe its

main phases.
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Figure 1: Overview of CRISP-DM framework for predicting consultation length

3.1.1 Business and data understanding

The clinic’s goal was to utilize the resources effectively without compromising on care

quality by scheduling patients for the optimum consultation duration. In this research, we
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used two years of EMR containing 25,523 patient visits to the cardiology clinic. Each
appointment booking in the EMR included information regarding the following three
categories.

e Patient Characteristics — Provides information on the patient’s age, gender, race,
marital status, insurance type, and Zone Improvement Plan (ZIP) code.

e Appointment Information — Provides a detailed description of events (action) for
each patient call and visit, such as booked, canceled, no-show, checked-in, and
checked-out. Also, the EMR provides the associated timestamp (mm/dd/yyyy
hh:mm:ss format) for each action. This information is imperative to retrieve various
information such as scheduled consultation duration, appointment time, and
observed consultation duration.

e Resource Description — Indicates the doctor assigned for each appointment.

3.1.2 Data pre-processing and feature engineering

Typical of any real-world data, the EMR also contained incorrect information, missing
values, outliers, and redundant features, which, in turn, reduced the data quality. As a result,
the data had to be pre-processed before being used in the predictive models. Incorrect
information (such as negative values for patient age) and missing values accounted for
1,456 cases, out of which 1,117 instances were rectified by obtaining the updated
information from the clinic. The remaining 339 unrecovered missing values were imputed
by chained equations [106], where the distribution of unobserved value was estimated
based on the observed values. In particular, if there were M independent variables, then the

variable (e.g., x1) with missing values was regressed on the other independent variables,
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(x2, X3, ..., Xm), by considering only the observed values, and subsequently, the missing
values in x1 were obtained using the predictions from the fitted model. The procedure was
repeated for each variable containing one or more missing values to obtain a complete
dataset. Also, the data included 434 outliers, where the consultation duration of patients
who came for the appointment was either unreasonably long (1200 minutes) or short (< 2
minutes). This was mainly due to the data entry error by the clinical staff responsible for
entering the timestamps for check-in and check-out. Thus, these outliers were treated as
missing values and subsequently imputed. Upon pre-processing, the consultation length
was zero in 4,594 instances (i.e., ~18% no-shows and late cancellations) and positive for
the remaining 20,929 cases. The non-zero visit length varied from 15 to 122 minutes with

a mean of 50 minutes and a standard deviation (SD) of 15.62 minutes.

Upon dealing with data inconsistencies, we leveraged available data to establish 16
predictors pertinent to the patient, appointment, and doctor, as shown in Table 1. Four
features were directly obtained from EMR, while the remaining predictors were derived
using existing information. In particular, the patient status was derived from the historical
appointment visits and categorized as new or return. The neighborhood socioeconomic
status (nSES) was estimated based on seven characteristics associated with the patient’s
ZIP code - unemployment rate, proportion below poverty level, median value of dwelling,
median household income, percentage of households with mean of >1 person per room,
high school graduation rate, and 4-year college graduation rate. The census information
collected by the American Community Service (ACS) [107] was leveraged to extract ZIP

code-related data and the SES index, a weighted combination of the seven neighborhood
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characteristics, conceived by the Agency for Healthcare Research and Quality (AHRQ)

was used to calculate nSES [108]. The nSES ranges from 0 to 100, where a higher number

reflects a more significant neighborhood deprivation.

Table 1: Description of features extracted after pre-processing

Predictors Value Type Source
Patient Characteristic
e Gender Male or Female Categorical Raw
o Age 190 years Continuous  Raw
Single
Married
e Marital Status Divorced Categorical ~ Raw
Separated
Widowed
Medicare
¢ Insurance Group Medicaid Categorical ~Raw
Private
e Patient Status New or Return Categorical ~ Derived
¢ Neighborhood Socioeconomic Status 0— 100 Continuous  Derived
Appointment Information
e Appointment Month Jan, Feb, ..., Dec Categorical  Derived
e Appointment Day of Week Mon, Tue, ...., Fri Categorical ~ Derived
e Appointment Time Category Morning or Afternoon Categorical  Derived
e Appointment Delay 0 — 48 days Categorical ~ Derived
Cardiology
, Cardiothoracic Surgery Cateqorical  Derived
* Appointment type Heart/Vascular Intervention J
Vascular Surgery
e Prior no-show rate 0% — 100% Continuous  Derived
e Service Time History 15 — 122 minutes Continuous  Derived
Doctor Information
o Gender Male Categorical ~ Derived
Female
e Race White Categorical  Derived
Non-White
e Experience 8 — 55 years Continuous  Derived
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The appointment information, namely, month, day, category, and delay (the difference
between appointment date and booking request date) were derived from the timestamp
data. Similarly, the appointment type (i.e., the reason for visit) was extracted from the
action description notes stored in the EMR and categorized as cardiology, cardiothoracic
surgery, heart & vascular intervention, and vascular surgery. The history of zero service
time rate (or prior no-show rate) for a patient was calculated as the percentage of
appointments for which that patient did not show up during the last one year. Likewise, the
positive service time history for a patient was determined by averaging all previously
observed visit duration for that patient in the past year. With regards to the provider’s
characteristics, all three attributes, namely, gender, race, and experience, were extracted
from public online sources based on the resource description provided in the EMR.
Subsequently, the categorical variables with more than two levels were encoded as separate

feature vectors with one-hot encoding [109].

The dependent variable for the classification part was a binary variable representing the
consultation duration as zero (equivalently no-show) or non-zero. The outcome variable
for the regression part was the positive consultation length — a continuous value calculated
as the difference between the patients’ check-out time and check-in time. The outcome
variables were derived using action descriptions and the corresponding timestamps in

EMR.
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3.1.3 Machine learning-based two-part predictive modeling and evaluation

The problem of predicting the no-show risk (i.e., categorizing consultation length as zero
or non-zero) was modeled as a supervised classification problem, and the aspect of
predicting the non-zero visit length was treated as a supervised regression problem. Recent
research had demonstrated the capability of random forests, stochastic gradient boosted
trees, and deep neural networks to accurately predict both binary and high-variance
continuous variables in healthcare domain such as disease risk [28,29], length of inpatient
stay [30] and mortality risk [31]. Therefore, we employed random forest classifier (RFC),
stochastic gradient boosted classification trees (SGBCT), and deep neural network
classifier (DNNC) for no-show classification (i.e., categorizing consultation length as zero
or positive). Likewise, we considered random forest regressor (RFR), stochastic gradient
boosted regression trees (SGBRT), and deep neural network regressor (DNNR) for
predicting the non-zero consultation length.

Similar to the procedure adopted by Povak et al. [110], the ML models for classification
and regression were developed separately. A stratified random sampling was performed to
divide the data into two parts — 75% was used for training and evaluating both classification
and regression models (Subgroup 1), and the remaining 25% was held-out for assessing
the complete two-part model (Subgroup 2). There were 19,142 samples (out of which
15,702 instances have non-zero consultation duration) in Subgroup 1 and 6,381 records
(5,227 samples with > 0 visit length) in Subgroup 2. The no-show classification model was
trained using 75% of the randomly sampled data from Subgroup 1 and tested on the

remaining samples. Note that the service time values were converted to a dichotomous
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variable (zero or non-zero outcome) for no-show modeling and evaluation. Similarly, a
75/25 random split of samples containing the positive consultation durations from
Subgroup 1 is utilized for training and testing regression models. Besides, the important
features for predicting the outcome were established by randomly permuting the value of
the predictor and evaluating its impact on prediction error [111]. To eschew overfitting
(learning noise) in the learning phase and optimize the parameters of ML models, a 10-fold
cross-validation procedure was performed on the training data [112,113]. A brief

description of the three ML techniques is provided in the following subsections.

3.1.3.1 Random forest regressor (RFR)

Random forest algorithm is an ensemble of uncorrelated decision trees, where each tree is
trained based on two concepts — bagging and random feature selection [114]. The bagging
technique samples a subset of the training data with replacement and uses it to train a
decision tree, while the random feature selection technique only considers a subset of
predictors for splitting at every node of a decision tree [115]. The combination of these two
techniques reduces the risk of multiple decision trees learning the same information from
the training set. Each individual tree (t) is grown as follows [116]:
e From N samples in the training dataset, n (<< N) samples are drawn randomly with
replacement to construct a regression tree (f;)
e At each node of a regression tree, m << M variables are drawn randomly and the
sum of squared errors (SSE) for splitting the dataset into two regions (R1 and R2)

on every possible value for the chosen m variables is computed (Equation 1). The
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variable/value combination that yields the lowest SSE is chosen for splitting the

node into two sub-nodes.

SSE = z(xi — %)% + Z(xi — %,)? (1)

iERl I:GRZ

where x; is the value of predictor i and i, x, are the means of right and left sides of the
possible splits respectively. This procedure is repeated for all the sub-nodes until a stopping
criterion is reached (e.g., maximum depth is reached)

Upon independently training T regression trees in parallel, the final prediction is obtained
by aggregating the individual predictions the T trees. The performance of RF is affected

by the value of T and m.
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3.1.3.2 Stochastic gradient boosted classification trees (SGBRT)

Stochastic Gradient boosted decision trees (SGBDT) also use a multitude of regression
trees for learning the mapping function between predictors and outcome. However, unlike
RF, it builds the regression trees in a stage-wise fashion, where subsequent tree seeks to
boost the performance over previous tree’s prediction by emphasizing on samples with
high SSE. Basically, the algorithm for boosted regression trees is an iterative process that

follows the following steps [117]:
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e Initialize model with a constant value f,(x) = ¥
e For each boosted model t

Compute the residual of previous model as h.(x) =y — fi_1(x)

O

o Fitaregression tree (g.(x)) on the residuals of the previous tree by using a
subset of the training data drawn without replacement
o Compute the gradient descent step size (p;(x))
o Combine the trained trees to obtain a boosted model, f;(x), which has lower
SSE than f;_;(x). Also, to prevent overfitting a shrinkage parameter (J €
(0,1]) is used to control the learning rate. Therefore, the combined model is
represented as f;(x) = fi_1(x) +] X ps(x) X g:(x)
The procedure is repeated until the reduction in SSE is insignificant. The performance of
the SGBDT depends on the following hyperparameters — number of trees to construct (T),
learning rate (J), and the minimum number of samples in terminal node (C) of tree to

control its depth.

3.1.3.3 Deep neural network regressor (DNNR)

Deep neural network regressor (DNNR) is a type of deep learning model, where several
nodes arranged as linear stack of three different layer types, input, hidden and output, are
used to best approximate the mapping function [118]. The nodes in adjacent layers are
interconnected by weighted edges. Unlike a simple neural network with one hidden layer,
a DNNR has many hidden layers to facilitate the learning of complex functions and better

prediction [119]. The input layer nodes receive information from the M predictors and
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transmit the weighted input to the nodes in the adjacent hidden layer, which then transform
it using activation function, to account for non-linear relationships, before feeding that
information to the subsequent hidden or output layer. This process, known as forward pass,
continues until the information from the last hidden layer is processed and transformed by
the output layer nodes to predict the consultation length. The training data is fed into the
DNNR in small batches, where a batch contains one or more training records for learning
purposes. The connection weights between nodes i and j (w;;) of DNNR are initialized
randomly and progressively altered Equation (3) for every successive batch (b) based on
the difference between the actual and predicted output (E) obtained from a previous batch

(b — 1) and network’s learning rate () - referred to as backward pass.

oE
w;i(b) =w;;(b—1) +7 oW,

©)

Moreover, a DNNR may require several epochs, number of passes through the entire
training data, where each epoch has one or more batches before approximating the mapping
function. The learning rate (1), batch size (b), number of epochs (P), number of hidden
layers (H) and the number of nodes in hidden layer k (n;) affect the performance of the

DNNR.

3.1.3.4 Hyper parameters tuning

The hyperparameters of the three ML models were tuned using the grid search technique
as it was well-suited for models with few parameters and easy-to-implement [120]. The

hyperparameter space screened for each algorithm was based on the commonly used values
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in the literature [121-126]. The number of trees (T) considered for RFC, RFR, SGBCT,
and SGBRT were (2°, 2°, 27, 28). Besides, the number of variables randomly sampled at
each candidate split (m) in the RFC and RFR algorithms were varied from 5 to 15. For
SGBCT and SGBRT, the learning rate (J) explored was between 0.025 to 0.1, and the
minimum number of observations in a trees’ terminal node (C) was varied from 2 to 8. For
DNNC and DNNR, the number of hidden layers (H) examined were (1, 2, 3, 4, 5), while
the number of nodes in each hidden layer (n,) was varied from 1 to 16. Moreover, the
values of learning rate (n), number of epochs (P) and batch size (b) searched were (0.01,
0.05, 0.1), (10, 20, 30, 40, 50), and (32, 64 ,..., 512), respectively. Besides the
hyperparameters, the cut-off (y) value, which converts the predicted class probability of
no-show classification model to a label, was varied from 0.4 to 0.8 in increments of 0.01.
Once the ML models for no-show classification and consultation length prediction were
trained and evaluated on their respective datasets, the overall prediction performance of the
complete two-part model (best-performing model from each part) was assessed on a
separate held-out dataset (Subgroup 2). Note that the outcome variable for testing the
complete two-part model was semicontinuous and had both zero and non-zero consultation
durations. Hence, when evaluating a record using the complete two-part model, if the
classification algorithm predicted the no-show probability to be below a cut-off value (y),
only then the regression model was leveraged to predict the visit length of that patient; else

the consultation duration was set to zero.
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3.1.3.5 Evaluation metrics

The classification models were compared based on two measures, namely, area under the
receiver operating characteristic curve (AUC-ROC) and area under the precision-recall
curve (AUC-PR). The AUC-ROC is a single-measure for evaluating the overall
discriminative performance of the ML model [127]. Besides, AUC-ROC had been
consistently used in prior research dealing with no-show predictions [59]. On the other
hand, AUC-PR is considered to be a robust metric for evaluating models dealing with class
imbalances [128]. The value for both these metrics ranges from 0 to 1, and a higher score
is preferred. In addition, the best cut-off value (y) was chosen based on the harmonic mean
of precision and recall (i.e., F1 score) and the misclassification rate (MCR) associated with

the best y was also considered to assess classification model performance.

The ML models for non-zero consultation length prediction were evaluated based on three
commonly used evaluation metrics in the literature — mean absolute error (MAE), root
mean squared error (RMSE) and mean absolute percentage error (MAPE) [129]. Since
these three are error measures, lower values are preferred. Finally, the complete two-part
model that predicts the consultation length in Subgroup 2 was evaluated based on MAE
and RMSE. Note that MAPE was not employed owing to the semicontinuous distribution
of the outcome that would lead to undefined or infinite values for instances involving zero
consultation duration. Besides facilitating the selection of the best performing model, the
AUC-PR and RMSE measures were also used to determine the best combination of

hyperparameters for classification and regression models, respectively.
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3.1.4 Deployment of ML approach

The predictive model in this study could be integrated into the clinical decision support
system to automate the task of estimating the no-show risk and consultation duration for

the scheduler. Fig. 2 provides the schematic for deployment and integration.

Prediction Results

Patient Request for
an Appointement

Data Pre-processor

Predicted Consultation Duration

g Classification Model Regression Model ¥
'

.
.
Non-Zero Consultation Duration .
(Show) - :
i .
.
.
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Zero Consultation Duration
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Trained Two-Part |
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Scheduler g <

Figure 2: Deployment of two-part prediction approach for scheduling patients

When a patient calls for an appointment, the best performing ML algorithm will leverage
the patient, doctor, and appointment information from the electronic database to estimate

the patient-specific consultation duration in real-time. Subsequently, the scheduler would
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be able to use this information to allocate the consultation duration while scheduling the
patient. Furthermore, the integrated system would routinely update its model to learn from

new data.

3.1.5 Impact of integrating ML predictions for automating scheduling decisions

As discussed earlier, allocating the right consultation duration is necessary to optimize the
provider’s schedule. Besides, the effectiveness of a schedule has a direct impact on the
provider’s productivity and patient satisfaction [130]. To assess the potential impact of
adopting the ML-based predictions for allocating consultation durations at the time of
scheduling patients, a comparison with the clinic’s existing approach was conducted using
simulation modeling. Specifically, the procedure to estimate the consultation length in the
current approach depends on the patient status (new vs. return) and reason for the visit. The
scheduler follows the clinic’s guideline to allocate the consultation duration for new
patients, which varies depending on the appointment type (e.g., cardiology, vascular
surgery). However, in the case of an established patient, the provider indicates the expected
consultation length of the return visit in their notes, which is then used by the scheduler to
allocate the specified duration. Moreover, the clinic does not adopt a pre-defined template
for making scheduling decisions. It determines the appointment time for each patient,
depending on his/her preference and appointment availability. To compensate for no-
shows, the clinic accepts more appointments than its capacity and randomly overbooks

some time slots based on the clinic’s average no-show rate.
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In this research, the existing scheduling approach (i.e., sequence of patients scheduled for
appointments and their allocated consultation length) was reconstructed by retrospective
retracing of the EMR data. Two simulation models were developed — (i) the first model
mimicked the existing schedule based on the information extracted from EMR, and (ii) the
second model represented the proposed approach, where the reconstructed sequence was
adopted, but the prediction from the best performing classification and regression ML
algorithms was leveraged for determining the overbooking decision and consultation
duration, respectively. Therefore, if a patient was predicted to be a no-show, then that
patient’s appointment is scheduled to overlap with previously booked patients in the
reconstructed sequence; otherwise, a patient is not overbooked. On the other hand, the
consultation duration allocated for a patient is equal to the visit length estimated from the
best performing ML regression model rounded to the nearest multiple of five. The
simulation models of the two methods were run, and their performances were compared
based on critical schedule outcome measures, namely, patient waiting time and doctor idle

time.

3.2 Results

The CRISP-DM procedure for predicting consultation length using the two-part ML-based
approach was implemented in R statistical software on a computer configured with Intel
Core i7 3.4 GHz processor, macOS Sierra operating system, and 32 GB RAM. The training
and testing data for classification models contained 14,356 and 4,786 samples,

respectively. Out of these, 2,588 training instances and 814 testing records had zero
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consultation duration (i.e., patient no-show). On the other hand, training data for regression
models consisted of 11,776 instances (with mean consultation length of 49.3 minutes and
SD of 16.1 minutes), and the corresponding testing set included 3,926 instances (with mean
visit length of 50.2 minutes and SD of 14.7 minutes). The best set of hyperparameters for
classification and regression models are summarized in Tables 2(a) and 2(b), respectively.
Besides, the best cut-off values for RFC, SGBCT and DNNC were 0.58, 0.61 and 0.66,

respectively.

Table 2: Best hyperparameters for classification and regression models

(a) Best hyperparameter values for (b) Best hyperparameter values for
classification models from grid-search regression models from grid-search
Classifier Hyperparameter Values Regressor Hyperparameter Values
T 64 T 128
RFC RFR
7 m 12
T 64 T 128
seect C 4 sGBrT C 6
J .05 J 025
H 2 H 4
nk 5 nk 10
pnne P 20 DNNR - P >0
.01 n .01
b 32 b 32
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3.2.1 Predictive performance of classification and regression models

The 10-fold cross-validation performance of different no-show classification and non-zero
consultation length prediction models is illustrated in Fig. 3(a) and Fig. 3(b), respectively.
The evaluation metrics indicate a good discriminative capability of zero and non-zero
service times of all the classification models. In particular, SGBCT yielded the best average
values for all the classification evaluation metrics under consideration. It achieved 2%
better AUC-ROC, 4% higher AUC-PR, and 7% lower MCR than RFC. Similarly, when
compared to DNNC, SGBCT showed 4%, 9%, and 23% improvement in AUC-ROC,
AUC-PR, and MCR values, respectively. Among the ML models tested for non-zero
consultation length prediction, the results demonstrated the DNNR to be the best
performing model with respect to all error measures. It dominated RF by engendering 18%,
19% and 16% lower RMSE, MAE and MAPE, respectively. Likewise, it systematically
outperformed SGBRT with 10%, 9%, and 7% reduction in RMSE, MAE, and MAPE,

respectively.
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Figure 3: Cross-validation performance of ML algorithms on (a) no-show classification
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Table 3 presents the performance of ML models for no-show classification and

consultation length prediction on the testing dataset, and confirms our previous findings

based on cross-validation. In other words, the performance of classification and regression

models on testing data were comparable to the cross-validation results, thereby suggesting

the generalization capability of the ML models considered. Besides, SGBCT and DNNR

consistently outperformed the other two algorithms for no-show classification and non-

zero consultation length prediction, respectively.
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Table 3: Performance assessment of classification and regression models on the testing

dataset

o Non-zero Consultation Length

No-show Classification o
prediction

Classifier AUC-ROC AUC-PR MCR | Regressor RMSE MAE MAPE
RFC 0.83 0.61 13.1% | RFR 10.88 8.22 14.71
SGBCT 0.85 0.64 11.6% | SGBRT 9.65 7.10 13.26
DNNC 0.83 0.60 13.7% | DNNR 8.55 6.88 12.24

3.2.2 Testing complete two-part model on new data

Based on the initial analysis, the best performing classification and regression models were
combined to establish the complete two-part model (i.e., SGBCT + DNNR). The
performance of SGBCT+DNNR was tested on new data (Subgroup 2), which had a
semicontinuous consultation duration with 1,154 zero instances and 5,227 positive samples
(mean £+ SD =49.6 + 15.8 minutes). To assess the efficacy of the complete two-part model,
we also calculated the error measures for the clinic’s current approach to visit length
estimation (discussed in Section 2.6) by comparing the consultation duration allocated by
the scheduler against the observed consultation length for all the instances in Subgroup 2.
The results illustrated in Fig. 4 demonstrated the dominance of the ML-based two-part
approach. As opposed to the current approach, the consultation length predictions from

SGBCT+DNNR resulted in 50% and 52% lower RMSE and MAE, respectively.
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Figure 4: Performance assessment of the complete two-part model on testing dataset

3.2.3 Important variables for predicting no-show and consultation length

Fig. 5(a) illustrates the five most important variables for no-show classification (i.e., zero
vs. non-zero consultation length). Appointment delay and prior no-show rate were
consistently ranked as the two most important predictors by all three models. Besides, the
patient’s age was identified to be among the five most important variables by all no-show
classification models, while nSES and appointment time category (morning vs. afternoon)
were ranked by at least two of the three classification models. Interestingly, none of the
attributes associated with the provider appeared as critical predictors for the problem of
no-show classification.

Fig. 5(b) shows the top five features for predicting positive consultation length by the
regression algorithms. Patient status (new vs. return) was identified as the most important
variable by all the regression algorithms. In addition, the provider’s years of working
experience consistently emerged as the second most important feature. While the encoded

appointment type feature representing cardiothoracic surgery, appointments was estimated
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to be a critical predictor by the three models, its importance ranking varied depending on
the ML algorithm. Patient’s age and service time history were listed as essential predictors
for two of the three regression models. Also, the patient’s age was the only variable to be
listed in both no-show classification and consultation length prediction as a prominent
predictor. Certain features were considered to be critical only by a single ML algorithm.
For instance, the encoded appointment type variable for vascular surgery was an essential
predictor for SGBRT, while the doctor’s gender was a vital predictor for RFR. Besides,

regression algorithms included variables from all three levels in the list of the top five
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Figure 5: Top 5 algorithm-specific variables and its relative importance for (a) no-show

classification and (b) non-zero consultation length prediction
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3.2.4 Schedule performance of ML-enabled approach and existing approach

In order to assess the effectiveness of adopting the ML-based predictions for allocating the
consultation length during schedule planning, the simulation models for the proposed and
existing scheduling approaches (discussed in Section 2.6) were run for 100 clinical days
by replicating the exact patient sequence observed in the EMR. The average waiting time
per patient and average idle time per doctor across 100 clinical days for the two approaches
are presented in Fig. 6(a) and 6(b), respectively. If the clinic adopts the prediction obtained
from the best performing two-part model (SGBCT+DNNR) for determining the
consultation length during patient scheduling, then it has the potential for a 56%
improvement in patient waiting time and 52% reduction in provider idle time. A t-test with
a = 0.05 indicated the proposed approach to be significantly better than the current practice
with respect to patient waiting time and physician idle time. In other words, ML-enabled
consultation length determination would substantially improve patient satisfaction (due to
the reduction in waiting time) and provider productivity (as a result of the cutback in idle

time).
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3.3 Discussion

Our results demonstrated the superiority of the ML-based two-part approach in the
estimation of semicontinuous consultation length. These results also added to the existing
knowledge of the literature on consultation length prediction [22,78,79]. Moreover, the ML
algorithms under consideration were scalable for deployment, as observed by prior
research works [131]. This study also identified the variables that were most critical in
predicting the consultation length. Consistent with previous research, we found
appointment delay, prior no-show rate, and patient’s age to be important features for
predicting missed consultations [132,133]. Earlier studies had also established an
association between low SES and a higher likelihood of no-shows [132,134], and our study
results further substantiated this as nSES was found to be a critical predictor of appointment
non-adherence. Likewise, the two most prominent variables identified for predicting the

non-zero consultation length, namely, patient status, and doctor’s experience, also
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concurred with the findings of previous research [8,21,72,77]. Our experiment also
divulged new critical predictors, such as appointment type and service time history.
Besides, the study results provided new insights into the learning pattern of the ML
algorithms. Specifically, the tree-based ensembles (RFC and SGBCT) were able to extract
more information from features such as nSES as opposed to DNNC. Also, information
pertaining to the doctor appeared to be inconsequential for no-show classification but

played a pivotal role in predicting the non-zero consultation length.

The findings of this research had several clinical implications, especially for specialty
clinics such as cardiac care, which experiences high provider burnout [135], depressed
patients [136], and rising costs [137]. First, the proposed approach automates the
consultation time management for clinics, which, in turn, would reduce the administrative
burden for the scheduler. Besides, the integration of the prediction model would enable a
digital healthcare system, an important transition necessary for transforming processes and
achieving cost-effectiveness [138,139]. Second, the variables and methods adopted in this
research could be promising for designing and improving the performance of the clinic’s
appointment system. Third, the risk of schedule underruns and overruns reduces
significantly, thereby improving clinical workflow. Therefore, providers’ schedule will be
time-synchronized, and they will not be burdened with inadequate consultation length, a
factor which has the prospect to mitigate burnout and medical errors [21,72,74]. It will also
benefit the patients as they are likely to wait less and spend quality time with their provider.
These aspects constitute factors that may lead to higher patient satisfaction, as suggested

by prior studies [21,73,77]. Finally, the critical predictors identified in this study can be
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leveraged to control the consultation duration. For instance, this study found patients from
economically disadvantaged neighborhoods to miss their appointment. This could be due
to restricted access to transport facilities for patients from areas with low SES [140,141].
To mitigate no-shows, clinics could offer transportation assistance, including local transit
options and low-cost transport services. Similarly, this study found new patients to take
longer consultations. This was primarily due to additional administrative pre-processing
and medical history reporting required for new patients. To shorten the visit length, this

information could be collected via online forms before the patient’s visit.

Although this study had many merits, it also had two notable limitations. First, the approach
was tested only for a single cardiology clinic and therefore limited the generalization of the
study findings. Future research should repeat the study procedure across multiple clinics,
specialties, and locations to support the findings of this study. Second, the fields available
with the clinic under consideration were used to build the prediction model. Therefore, it
is plausible to have missed certain relevant predictors, such as medical reports and prior
test results. The creation of extended databases and standardization of the fields collected

across clinics would further enhance the capability of these ML algorithms.

3.4 Conclusions

Despite the potential for automating routine clinical works using ML algorithms, its

adoption in the healthcare domain is not prevalent. In this study, we adopted the CRISP-

DM methodology to build an ML-based two-part model for predicting the consultation
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length while considering the possibility of no-shows. A supervised classification model
categorized the consultation duration as zero or non-zero (equivalently patient no-show or
attendance), and a supervised regression algorithm predicted the consultation length for
instances classified as non-zero. The proposed approach was validated using the data
obtained from the EMR system of a cardiology clinic, thereby demonstrating its feasibility.
Besides, several clinical insights were obtained from our proof-of-concept study, including
the identification of critical predictors, impact on appointment system design, and potential
benefits to patients as well as providers. The two-part ML-based technique considered in
this research could be extended to other outpatient clinics to facilitate better planning and
potentially improve the health outcomes. Also, future work can leverage patient-specific
no-show and consultation length predictions to develop dynamic scheduling rules that

optimize the clinic’s operational performance.
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Chapter 4. Predict, Then Schedule: Prescriptive Analytics Approach for

Designing Machine Learning-enabled Appointment System

As discussed in chapter 1, several uncertainties can pose a challenge for designing an
effective appointment system (AS), which can lead to lower patient satisfaction and
ineffective resource utilization. One of the leading causes of uncertainty in AS is patient
no-shows — which arise when patients fail to show for their appointments without earlier
notice. This affects the clinic adversely since the allocated consultation length can be
wasted. To compensate for no-shows, clinics tend to double-book more patients than their
capacity [9]. The majority of clinics assume patients are homogenous and have the same
probability of no-shows. Therefore, they double-book by an even percentage equal to the
average probability of no-show in the clinic [142]. Another significant source of
uncertainty in AS is variation in consultation length, which affects the ability of the
scheduler to allocate provider time accurately. Scheduling shorter appointment times than
needed overburden their physicians with more patients and increase the average waiting
time for patients. Furthermore, such practice may also hurt the quality of care provided.
On the contrary, appointment durations that are longer than required lead to doctor idle
time and fewer patient visits. Therefore, this chapter leverages the predictions of service
time and no-show risk obtained in chapter 3 to develop different appointment systems for

patient scheduling.

In particular, this chapter considers an outpatient clinic that serves patients on an

appointment basis during a clinic session. The daily operating hours (or session duration)
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are divided into smaller time intervals called blocks or slots. The patient population served
by this clinic can be categorized into two distinct classes (or type) depending on the patient
attributes such as nature of visit or reason for visit. Besides, the characteristics for each
patient class, such as average consultation duration and no-show rate varies. The patient
calls for an appointment arrive sequentially, and the scheduler must decide whether to
accept or reject each request before the end of the call. In addition, the scheduler must also
determine the appointment start time and appointment duration for each accepted request.
Therefore, from the clinic's perspective, each patient has an associated start time and end
time for a particular appointment. However, the actual appointment times may differ from
the expected durations. Patients are assumed to be punctual to their appointments.
However, some patients may miss their appointments. To compensate for no-shows, the
clinic either double book (by scheduling two patients to the same slot) or adjust
appointment intervals according to the no-show rate. On the day of the appointment, the
patients are seen in the order in which they are scheduled and arriving patients should not
"Jump the queue™ or preempt patients that are already being served. All scheduled patients
should be served, and the clinic will work overtime to serve patients who are still waiting
for treatment at the end of a clinic session.

This chapter aims to integrate patient-specific uncertainty estimates into the AS design and
assess its impact on AS efficiency (measured as the weighted sum of patient waiting time,
doctor idle time, and overtime). Specifically, the patients are scheduled as they sequentially
call the clinic for appointments based on their risk of no-show and estimated consultation
duration. To this end, this chapter proposes a predict-then-schedule framework, a

prescriptive analytics approach for designing the AS. In the predict step, patient-specific
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no-show risk and service duration are estimated using machine learning (ML) models. The
schedule step determines each patient’s appointment time and interval by integrating the
ML predictions with the three decisions (allocation, sequencing, and overbooking)
pertaining to the AS design. This chapter also proposes new sequencing rules that use the
predicted appointment duration and patient classification for scheduling. In particular, the

key research questions addressed in this chapter are as follows.

e How to use the ML-based patient-specific prediction of clinical uncertainty to
design an AS? In other words, how can these predictions be used for decisions
pertaining to appointment duration allocation and overbooking?

e Can patient-specific prediction be used for effectively sequencing the patients?

e What is the impact of integrating the ML predictions of clinical uncertainties into

AS design?

4.1 Research methodology

An overview of the predict-then-schedule research framework is shown in Figure 1. The
“predict” phase employs ML algorithms to estimate patient-specific consultation lengths
and their associated risk of no-show based on clinical data obtained from the electronic
medical records (EMR). In the “schedule” phase, the predictions obtained from ML
algorithms are integrated into three decisions associated with the AS and evaluated to

assess its performance.
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Figure 7: Overview of the predict-then schedule framework

4.1.1 Predicting patient-specific no-show and service duration

4.1.1.1 Data collection and feature selection

The data used in this research were obtained from the cardiology clinic at the University

of Missouri Hospital. Two years of EMR containing a total of 30,000 patient visits are

extracted for developing the ML algorithm. We identified 16 predictors that fall into four

categories, namely, patient demographics, appointment detail, medical history, and patient

behavior, as shown in Table 5. Some of the raw EMR variables, such as age and gender,

are directly used as predictors in the ML algorithm. On the other hand, certain features

were derived based on information extracted from the EMR. For instance, the timestamp

data (hh:mm:ss mm/dd/yyyy) on the appointment date is transformed into three features —

month, weekday and visit hour. Besides the predictors, the outcome variables, namely,

appointment status (arrived or no-show) and appointment duration, are also obtained from

the EMR.
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Table 4: The description of features extracted from the EMR

Feature Feature Description Type
Category
Patient Sex Sex of the patient Categorical
Demographic Age Age of the patient (in years) Continuous
Marital status Classification of patient’s legal marital | Categorical
status
Employment Patient’s employment status at time of | Categorical
status the
Insurance group | Primary payer for patient’s medical | Categorical
claims
Primary Patient’s  preferred language of | Categorical
language communication
Traveling Traveling distance (in miles) from | Continuous
distance patient’s residence
Appointment Month Month of appointment Categorical
Detail Weekday Day of the week on which the patient | Categorical
visits the clinic
Visit Hour Clinical hour during which the | Categorical
appointment is
Care Delivery Nature of patient’s engagement with the | Categorical
care
Service Type Classification of service provided | Categorical
during the visit
Medical History | Patient status Classification of patient’s status based | Categorical
on their visit
Chronic Total number of chronic conditions | Continuous
Condition diagnosed for the
Patient Behavior | Service time | Rolling  average of  patient’s | Continuous
history consultation duration
No-show history | Total number of appointments missed | Continuous

by the patient
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4.1.1.2 ML algorithm development and evaluation

The goal of a predictive algorithm is to best approximate the mapping function (F) from a
set of M input features, X = (x4, x5, ... .... X3y ), and an outcome variable (YY) based on N
training samples [143]. Typically, each ML algorithm will adopt a unique approach to learn
the mapping function between the predictors and an outcome variable [144]. Consequently,
this will affect the performance and training time of the ML models. Hence, it is difficult
to determine an appropriate ML model for a given dataset. To overcome this issue, prior
research evaluates multiple ML algorithms and identifies the best-performing model by a
comparative analysis [49,145] . In particular, random forests, boosted trees, and deep feed-
forward neural networks have proven to perform well in predicting uncertainties related to
outpatient scheduling, such as no-shows [143], patients’ punctuality [59] , and consultation
length [145]. Besides, these ML algorithms are well-suited for predicting continuous values
(e.g., appointment duration) and discrete categories (e.g., no-show classification).
Therefore, in this study, we implemented extreme gradient boosting (XGB), random forest
(RF), and deep feed-forward neural networks (DNN) to predict both no-show classification

and appointment duration. The learning approaches of the three ML algorithms are follows:

e Random Forest (RF): It is an ensemble of uncorrelated decision trees, where each tree
is trained based on two concepts — bagging and random feature selection [144]. The
bagging technique samples a subset of the training data with replacement and uses it to
train a decision tree, while the random feature selection technique only considers a

subset of predictors for splitting at every node of a decision tree. The combination of
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these two techniques reduces the risk of multiple decision trees learning the same
information from the training. Upon independently training multiple decision trees in
parallel, the final prediction is obtained by aggregating the individual predictions of
these trees (in the case of continuous outcome variable) and the majority vote of all

trees (for the categorical outcome variable).

Extreme Gradient Boosting (XGB): It also uses a multitude of decision trees for
learning the mapping function between predictors and outcome [146] . However, unlike
RF, it builds the decision trees in a stage-wise fashion, where the subsequent tree seeks
to boost the performance over the previous tree’s prediction by emphasizing on samples
with high loss function (sum of squared errors in the case of prediction or the cross-
entropy in case of classification). In particular, XGB uses second-order derivatives of

the loss function, and advanced regularization techniques to prevent overfitting.

Deep Feedforward Neural Networks (DNN): It is a type of deep learning model, where
several nodes arranged as a linear stack of three different layer types, input, hidden, and
output, are used to best approximate the mapping function. The nodes in adjacent layers
are interconnected by weighted edges. Unlike a simple neural network with one hidden
layer, a DNN has many hidden layers to facilitate the learning of complex functions
and better prediction. The input layer nodes receive information from the predictors
and transmit the weighted input to the nodes in the adjacent hidden layer, which then
transforms it using an activation function, to account for non-linear relationships,

before feeding that information to the subsequent hidden or output layer. This process,
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known as forward pass, continues until the information from the last hidden layer is
processed and transformed by the output layer nodes to make a
prediction/classification. The training data is fed into the DNN in small batches, where
a batch contains one or more training records for learning purposes. The connection
weights between nodes of DNN are initialized randomly and progressively altered for
every successive batch based on the difference between the actual and predicted output
- referred to as backward pass. The forward and backward passes are repeated for

several iterations to minimize the loss function.

During the predictive modeling phase, the data is randomly split into training and testing
sets. The ML algorithm establishes the mapping function between the outcome variable
and the predictors using the training data, while the trained model’s ability to predict the
outcome variable is evaluated using testing data. Moreover, to avoid overfitting (learning

noise) in the training phase, a k-fold cross-validation technique is performed [147,148].

To evaluate the ML algorithm’s performance of predicting consultation duration, we
employed two commonly used error measures in the literature [149] — root mean square
error (RMSE) and mean absolute percentage error (MAPE). Lower values are preferred for
both measures since they indicate lower prediction error. Similarly, based on the review of
literature, the following two metrics are used to evaluate the no-show classifiers [150] -
area under the receiver operating characteristic curve (AUC) and misclassification rate
(MCR). The values of these metrics range from 0-1, where higher AUC and lower MCR

values are preferred. After training and evaluating the ML algorithms, the predictions from
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the best performing no-show classification and appointment duration prediction models are

leveraged to develop the AS.

4.1.2 Appointment System (AS) Design

In this research, the AS is designed by considering the key decision factors — allocation,
sequencing, and no-show adjustment (i.e., no-show estimation and overbooking policy).

The levels considered for each decision factor are described in the following subsections.

4.1.2.1 Allocation decisions

The components associated with the allocation decisions, namely, block size and
appointment interval estimation, are determined based on the review of relevant literature
[9,42]. Two block sizes are considered, namely, individual (i.e., one patient per slot) and
variable (i.e., varying number of patients per slot). The block size of the AS is directly
influenced by the overbooking policy proposed in this research, as discussed in Section
3.2.4. With regard to appointment interval estimation, we consider two strategies. The first
strategy is akin to the approaches adopted in the literature and practice, where the
appointment interval allocated to a patient is equal to the average service time of that
patient’s class (represented as ADW) [12,24,25]. The second strategy is the proposed
approach of using the ML-based predictions, where patient-specific service time duration
obtained from the best performing ML algorithm is used to allocate the appointment
duration (denoted as ADML). In other words, we consider the heterogeneity present within

each patient class by allowing service time values to be patient-specific. In both cases,
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appointment intervals are considered variable since they vary depending on the patient
class or ML predictions. Therefore, variable intervals are used to allocate patients to their

appointment slots.

4.1.2.2 Sequencing rules

In this study, we consider two patient classes (Class A and Class B) for the following
reasons: (i) the clinic under study categorizes patients based on their visit status as new or
return for the purpose of scheduling, (ii) several prior works have used two patient classes
and have reported them to be common in practice [12,24,25] (iii) considering many patient
classes may hinder the practical/realistic application of the AS [42]. Class A patients are
characterized by higher average service times than Class B patients. Such a classification
scheme is chosen based on the empirical data observed in different specialties. For instance,
patients who are visiting the clinic for the first time (new patients) can be regarded as Class
A as they typically require longer consultations compared to patients returning to the clinic
for follow-up appointments [151]. In this research, the following five sequencing rules that
are commonly considered in the literature are evaluated [13,24]. Except for FCFA, the

other rules are based on the two patient classes.

i. FCFA: represents the base experiment settings with no sequence. Patients are

scheduled for an appointment based on a first-call, first-appointment basis, and this

is similar to the clinic’s existing approach.

66



ABG: schedules Class A patients to the first unscheduled slot at the beginning of the

session and Class B patients from the end (AAA. . . .BB).

BBC: schedules Class B patients to the first available slot at the beginning of the
session, while the patient class requiring longer service times are scheduled to the

first feasible slot in the end (BBB. .. AA).

ABND: schedules Class A patients at the beginning and end of the session, while

class B patients are scheduled in the remaining positions (AAA...BB...A).

BBND: schedules Class B patients at the beginning and end of the session and class

A patients in the remaining positions (BBB. . . AA...BB).

4.1.2.3 New Sequencing Rules based on ML Predictions

Some existing works have shown that sequencing patients with shorter and longer duration

split across the clinic session to yield better resource utilization and patient waiting time

[13,50,51]. However, these rules either rely on patient class characteristics (e.g., average

and standard deviation of service time associated with a class) [50,51] or the experience of

schedulers to determine the appointment time and duration for each patient [13]. In other

words, existing sequencing rules do not consider patient-specific characteristics. Motivated

by these findings and shortcomings in prior literature, this research proposes four

sequencing rules that capitalize on ML-based patient-specific service time prediction to
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sequentially schedule patients such that shorter and longer appointments are distributed

across the session. Specifically, the proposed rules compare the patient’s predicted service

time with the average consultation duration corresponding to that patient’s class to

sequence them. Let D/ and DjB be the ML-based appointment duration prediction for

patient i of Class A and patient j of Class B, respectively. If Class A and Class B patients

have an average service time of u4 and u® (where u? > uP), respectively, then the

proposed sequencing rules can be described as follows.

SML: schedule patient i of Class A in the beginning if D# < u“ and patient j of
Class B in the beginning if D]B > 8. Otherwise, the patient is scheduled from the

end of the session.

SML: schedule the patient to the first available position in the beginning if D! > u#

or DjB < uB; else schedule the patient to the first available position in the end.

SML: schedule the patients by alternating between the first available slot in the
beginning and end of the session if DA > u4 or Df < uB. Otherwise, start
scheduling from the middle of the clinic session while distributing the patient
allocations between the two halves of the session. For example, if a clinic operates
for 8 hours (i.e., 480 minutes) and an incoming appointment request has a predicted
service time of D < u4 or DJB > uB | then the search for available slots starts in

the middle (i.e., at 240 minutes), and then alternates between the left and right

halves until the first feasible slot is found.
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iv.  SML:schedules patients who have a predicted service time D < u4 or D]B > uBat

the beginning and end of the session; and other are patients scheduled from the

middle of the clinic session. In other words, this sequencing rule is antithetical to

SML,

4.1.2.4 No-show estimation and overbooking policies

We consider two approaches to estimate the no-show probability for each patient at the
time of appointment request. In the first approach, the probability of a patient missing an
appointment is considered homogeneous and is predicted to be equal to the average no-
show rate of the clinic (denoted as NS" ). For instance, if the clinic has an average no-
show rate of 15%, then the no-show probability for each patient is set to 0.15. This is the
most common approach considered in the literature [25,152] and is also similar to the
practice adopted by the clinic under study. In the second case, the no-show probability is
regarded as patient-specific (heterogeneous) and is estimated using the best performing no-
show prediction algorithm (denoted as NSMY). Thus, the second approach is a part of the
proposed predict-then-schedule framework. The estimated no-show rates are then used for

overbooking decisions.
To investigate the effect of the no-show adjustment on the clinic’s performance, two
overbooking policies are considered — double-booking and appointment duration

shortening. Since the estimated no-show rates are used for both policies, we refer to these
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policies as predictive double-booking (PD) and predictive shortening (PS). If P(p;) and
P(p;) denote the probabilities of patients i and j attending the appointment, then the
proposed PD policy schedules two patients in the same slot only when the following
conditions are met: (i) the probability of at least one patient showing up for the appointment
is greater than a threshold value 8, (Equation 1) and (ii) the probability of both patients not
showing up is greater than the threshold value g, (Equation 2). Moreover, a patient is

double-booked only when a feasible empty slot is not available for that patient.

P(at least one patient showing up) = [P(p,) + P(p;) — P(p) * P(p;)] > (1)
B

P(none of patients showingup ) = [(1 - P(p)) * (1 —P(p;))] <B. (@

On the other hand, the PS policy compresses the appointment length proportional to the
estimated no-show rate. In other words, the appointment duration for each patient is
calculated as the product of that patient’s estimated consultation length and no-show
probability. Note that the overbooking policy has a direct impact on the block size. A PD
policy allows more than one patient per slot, thereby resulting in a multi-block allocation
system; whereas the PS policy restricts each slot to exactly one patient and can be regarded

as an individual block system.
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4.1.3 Performance measures

The key measures included in this study are patients’ average waiting time (PWT), doctor’s
idle time per patient (DIT), and overtime per patient (DOT). Since we only consider
punctual patients, the direct waiting time for a patient is defined as the positive difference
between actual start time and appointment time (the same as the patient’s arrival time). The
doctor is considered idle if the actual service end time in an appointment slot is earlier than
the expected end time. On the other hand, provider overtime occurs when the actual session
completion time exceeds the scheduled end time. The total cost provides a trade-off among
the key measures (PWT, DIT, DOT) since it allows the decision-makers to choose the
importance of each primary measure based on the relative valuation given to the cost of
patients’ time (C?) and doctor’s time (C?). Therefore, similar to prior works, this study
also uses the total cost per patient (TC), a weighted sum of patient’s and doctor’s time, to
evaluate the schedule efficiency [24,25]. The doctor’s idle time and overtime are combined
into one “doctor-related”” measure, where the cost of doctor overtime is deemed to be higher
than the idle time by & percent. Thus, the TC for an appointment system can be calculated

as shown in Equation 3.

TC = CP x PWT + CP([DIT + = X DOT)) 3)
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4.1.4 Simulation of Appointment System

An AS design is composed of allocation, sequencing and no-show adjustment decisions,
as discussed in Section 4.1.2. For instance, a clinic’s AS design may adopt ABS rule for
sequencing, ML-based approach for appointment duration (ADM*) and no-show estimation
(NSML), and predictive double-booking (PD) as an overbooking strategy. Such an AS
design is represented as ABS-ADML-NSML-PD in this research, and depending on the levels
described in Section 4.1.2, a total of 40 AS designs can be generated. A simulation model
is developed to generate the schedule for a given AS design by considering a sequential
patient call-in process. To simulate the scheduling process, the daily operating duration is
partitioned into k-minute intervals called blocks (or slots). In addition, the following

assumptions are used to model the scheduling process:

Patients are seen in the order in which they are scheduled and arriving patients

should not “jump the queue” or preempt patients already being served.

e All scheduled patients who show up must be served. The clinic will work overtime

to serve patients who are still waiting for treatment at the end of a clinic session.

e Patients are punctual to their appointments if they show up.

e The estimated appointment duration using is rounded to the nearest k" value,

where k denotes the slot duration.
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e A patient is assigned to a set of one or more continuous slots depending on their
estimated appointment duration (either using AD* or ADM! approach). For
example, if a clinic divides the operating hours into 5-minute slots, and if the
estimated service time for a patient is 20 minutes, then that patient is allocated 4

continuous slots.

The procedure for schedule generation is given by Algorithm 1. Upon obtaining the inputs
necessary to design the AS, a set of patient calls (p € P) along with different call-in
sequences (q € Q) are randomly generated to simulate the sequential arrival of
appointment requests (lines 1-3). The non-attendance probability and service time duration
of patient p is determined (lines 6-7) based on the approach chosen for no-show (NS# or
NSML) and appointment duration estimation (AD* or ADMY). Subsequently, the number of
slots required for patient p as well as the number of continuously available empty slots and
single-booked slots are calculated (lines 8-9). Patient p is then either scheduled according
to the chosen overbooking policy O and sequencing rule R, or denied appointment for the
day under consideration (lines 10-16). This procedure is repeated for all patient calls, p €
P, in sequence g in a sequential manner to construct the full schedule 1, (lines 5-18). To
account for the impact of sequential appointment requests on the AS efficiency, the
schedule generation procedure is replicated for |Q| different patient call-in sequences (lines

4-20).
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Algorithm 1 Pseudocode for Schedule Construction

1: Inputs: sequencing rule (R), no-show estimation approach (N'), overbooking policy (O) and appoint-

ment duration estimation approach (D), number of slots (s € §), slot duration (k)

2: Randomly generate a set of p € P patients calls

3: Randomly generate ¢ € Q call-in sequences of the |P| patient calls

4: for each call-in sequence ¢ € @ do

5: for p € P in sequence ¢ do

6: Obtain no-show probability (1,) for patient p based on N/

T Obtain appointment duration for patient p (d,) based on D

8: Determine number of required slots for patient p as r, = %

9: Calculate number of consecutive empty (ng) and single-booked slots (ny)

10: if ng > r, then

11: Schedule patient p to r, continuous slots according to selected sequencing rule R
12: else if O == PD and n; > r, then

13: Double-book patient p to 7, continuous slots according to selected sequencing rule R
14: else

15: Patient p cannot be scheduled for the day under consideration

16: end if

17: end for

18: Store schedule generated for sequence g (1)

19: end for
20: return vy, Vg € Q

The pseudocode for determining the AS efficiency based on the generated schedule is given
by Algorithm 2. The key input parameters (line 1) for evaluating the AS are the schedule
generated using Algorithm 1 for all call-in sequences, slot duration (k), total number of
slots (|S|) and parameters related to TC (i.e., C¥,CP,m). The total patients scheduled
(PTOTAL) as well as the appointment start and completion time (E; and ES) of each patient
are obtained from the schedule generated using Algorithm 1 (lines 3-5). To simulate the
patient arrival and consultation process, the actual no-show status (6,) and service time
(tp) of each scheduled patient are determined (lines 6-7). The actual no-show status
(arrived or missed appointment) can be obtained from the observed EMR data.
Alternatively, similar to prior works, 6, can be simulated using Bernoulli distribution
based on the clinic’s average no-show rate [49]. Likewise, t,, can be retrieved from EMR

or simulated based on a theoretical distribution [24,49]. In this research, we use both
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approaches for obtaining 6,, and 7,, . The EMR data obtained from the cardiology clinic is
used to extract the observed service time and no-show status and evaluate the generated
schedule. In addition, to test the impact of the proposed approach on different clinic
environments, the values of 8, and 7, are also simulated from a theoretical distribution.
These values are then utilized to determine the actual service start time and service
completion for each scheduled patient (lines 8-9). Subsequently, the performance measures

for the generated schedule, ,, are computed (lines 12-15), and this process is replicated

for the |Q| schedules to obtain the TC associated with the AS design (lines 2-18).

Algorithm 2 Pseudocode for Schedule Evaluation

1: Inputs: Obtain 9,,Vq € Q, k, |S|, CF, CPd, and
2: for each call-in sequence ¢ € Q do
3 Determine total number of patients scheduled in ¢ (PTOTAL)
4: for each patient p € ¢, do
5 Extract appointment start and end time for patient p (L; and E]f')
6: Determine actual service time duration for patient p (7,)
T: Determine whether patient p actually missed the appointment (6,, = 0 for no-show and 1 otherwise)
8: Compute actual service start time for patient p, 1; Note l; = 0 for the first patient and

completion time of previously scheduled patient (;’lﬁ;]_]) in all other cases.
9: Compute actual service completion time of patient p, Al(,' — A‘: + 7 X 6p
10: Compute waiting time for patient p, W7}, = max (0, Aﬁ — ES)
11: end for

~ R U X . q y Z/)Eq' HYTI‘
12: Calculate average patient waiting time for ¢»,, PWT = -—[—)—IJQT
max(0, k x — i Tl
13: Calculate doctor idle time per patient, DIT = ax(0 Iﬁ,ll.(),[%/je""’ p > )
. ) ) o omax(0,)° . T X 0, —k % [S])

14: Calculate doctor overtime per patient, DOT = I’IT AL
15: Compute the total cost for schedule ¢, TC(1)y) = C, x PWT + Cq([DIT + © x DOT))
16: end for
= _ _ 240 TC(¥0)
17: Compute average total cost across all |Q| schedules, TC' = o

18: return (TC)
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4.2 Results and Analysis

In this section, the proposed predict-then-schedule framework is evaluated using the EMR
data obtained from the cardiology clinic at the University of Missouri Hospital. In addition,
the impact of integrating ML predictions into the AS design is also assessed for several
simulated clinical environments. All the models were developed and implemented on a

computer configured with Intel Core 17 3.4GHz processor, macOS Sierra operating system,

and 32 GB RAM.

4.2.1 Case Study to Evaluate the Predict-then-Schedule Framework

4.2.1.1 Case Study Background

The cardiology clinic under study operates for 8 hours a day and divides the clinic session
into 5-minute slots. Patient calls arrive sequentially and average to 50 calls per day. The
chi-square test (at o = 0.05) and probability plots of the patient call volume data indicate
Poisson distribution to be a good fit, as shown in Figure 2. The patient population is
categorized into two classes — Class A (new) and Class B (return) patients. Among the total
patient calls, 35% of patients are determined as Class A based on the analysis of historical
data. With regard to the service time, the Anderson-Darling test (at o = 0.05) suggests
normal distribution with parameters (30, 102) and (15, 5%) to be an appropriate fit for Class
A and Class B patients, respectively. Figure 3 shows the probability plots for both the
classes and the corresponding p-values. However, to avoid unrealistic service times (such
as negative or very high positive values), the associated data for Class A and Class B

patients were truncated on both sides with bounds (15, 75) and (5, 45), respectively. The
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clinic sequences patients on an FCFA basis and the allocated appointment duration for each
patient is equal to the average service time of that patient’s class. Moreover, to maintain
continuity of care, the clinic typically allows a provider to serve only his/her own patients.
Therefore, similar to prior works, this clinic can be represented as a single-stage single-
server system [18,153]. The clinic experiences an average no-show rate of 30% and double-
books proportional to it to compensate for missed appointments. In summary, the AS

design adopted by the clinic can be represented as FCFA-AD"-NS"-PD.
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Figure 8: Probability plot for patient call volume per day
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Figure 9: Probability plots for consultation duration of Class A and Class B patients

4.2.1.2 Performance of ML algorithms for no-show and appointment duration prediction

We used the consolidated EMR dataset to develop the ML models. Each visit included the
16 features (as shown in Table 1) and a corresponding outcome variable. To develop a
generalized ML model, the dataset is randomly split into two parts — 70% for training and
30% for testing. Besides, a 10-fold cross-validation is applied to the training dataset to
avoid overfitting. The hyperparameters of the three ML models under consideration (RF,
XGB, DNN) are tuned using the grid search. Tables 6 and 7 show the performance of the
three algorithms for no-show classification and appointment duration prediction,
respectively. Specifically, the three algorithms achieve comparable performance for both
no-show and service time prediction, with DNN achieving superior predictions than RF
and XGB. Besides, the performance of ML algorithms is similar on both cross-validation
and testing datasets, thereby suggesting the generalization ability of the ML models to

predict new unseen instances with similar predictive performance.
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Table 5: Performance of ML algorithms for no-show classification on cross-validation

and testing dataset

Cross-Validation Dataset

Testing Dataset

ML Algorithm

AUC MCR AUC MCR
RF 0.867 12.3 0.852 13.2
XGB 0.894 11.3 0.883 11.9
DNN 0.926 9.9 0.901 10.1

Table 6: Performance of ML algorithms for service time prediction on cross-validation

and testing dataset

Cross-Validation Dataset

Testing Dataset

ML Algorithm

RMSE MAPE RMSE MAPE
RF 7.86 10.89 8.36 11.14
XGB 7.00 10.33 7.58 10.72
DNN 6.65 9.75 7.09 10.20
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4.2.1.3 Impact of integrating ML-based predictions on AS performance

The efficiency of different AS designs for the cardiology clinic under study is evaluated by
simulating the arrival and service process, as discussed in Section 4.1.4. The simulation
model is replicated for 100 clinical days by generating the same patient call-in sequence
observed in the EMR. The best-performing ML algorithm (i.e., DNN) is used to obtain the
no-show probability and service time duration for each call-in. To evaluate the schedule,
the actual service time and no-show status for each patient call-in is retrieved from the
EMR data. The thresholds 8, and S, for PD were set as 0.8 and 0.5, respectively, based
on empirical analysis. To estimate C, and C, costs, the relative importance between these
costs Cy/Cp)is used and is set to 1. In addition, consistent with previous works, the

doctor’s overtime was considered as 50% higher than the idle time (i.e., n=1.5) to calculate

the total cost [24,25].

Figure 4 compares the performance of the AS designs ranging from no ML-based
integration (AD*-NSH) to integrating both no-show and appointment duration predictions
(ADML-NSMLY) It can be observed that irrespective of the sequencing rules and overbooking
policies, integrating ML-based prediction even for one type of clinical uncertainty (i.e., no-
show or appointment duration) substantially reduces the average total cost associated with
the AS design. Specifically, for the PD overbooking policy, the integration of only patient-
specific appointment duration predictions (ADME-NSH) yielded a 30% average
improvement in AS efficiency across all sequencing rules when compared to using class-

specific average service time. On the other hand, leveraging only the ML-based no-show
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predictions (AD*-NSML) in the AS design achieved about 51% reduction in total cost across
all sequencing rules as opposed to the common approach of relying on the clinic’s average
no-show rate. When both no-show and appointment duration predictions were used to
design the AS, the improvement attained was over 68%. In the case of the PS overbooking
policy, the trends in the performance were similar to the PD policy, but the improvement
gap was smaller. In particular, ADME-NS* | ADH-NSML and ADML-NSML achieved 16%,
30%, and 48% improvement, respectively, over AS design with no ML-based integration.
Thus, the proposed predict-then-schedule framework can significantly improve the
performance achieved by the clinic’s existing AS design (FCFA-AD"-NSH- PD) as well as
other existing AS designs typically adopted in the literature. With respect to sequencing
rules, FCFA resulted in the highest total cost, while BENP contributed to lower costs in all
AS designs, irrespective of the overbooking policies. Besides, double-booking (PD policy)

showed better performance than shortening the appointment intervals (PS policy).
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4.2.1.4 Impact of new sequencing rules on AS performance

To assess the performance of the proposed ML-based sequencing rules, we benchmarked
it to the existing sequencing rule that achieved the lowest cost (i.e., BEND). Moreover, the
appointment duration and no-show predictions from ML were used for both the proposed
and BBND sequencing rule since they yield the best performance. Figure 5 shows the
reduction in total cost achieved by the proposed sequencing rules. It can be observed that
all four proposed rules were able to improve the efficiency of AS design, irrespective of
the overbooking policy. The SM* rule resulted in the highest improvement of 9.5% and
7.5% for PD and PS policies, respectively. On the other hand, the benefit of adopting SH*
and SM™ were marginal but still would yield substantial cost savings when adopted over a

longer time period.
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Figure 11: Improvement achieved by proposed ML-based sequencing rule
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4.2.2 Impact of using patient-specific predictions for different clinical environments

In this section, the robustness of the proposed framework and sequencing rules is evaluated
by considering different simulated clinical environments. To construct realistic clinical
environments, we consider five factors - clinic’s average no-show rate (PN), coefficient of
service time variation for Class A patients (CV-A), coefficient of service time variation for
Class B patients (CV-B), percent of Class A requests (14 ), and the ratio of the mean

consultation time of Class A patients to the mean consultation time of Class B patients
A - - - - - -
(“ /MB)' A clinic environment represents a combination of all aforementioned factors and

is consistent with the factors considered in the literature [24,25]. We examine two levels
(low and high) for each of the five environmental factors, as shown in Table 7. These levels
are selected based on the values observed in the EMR data as well as prior literature [25].
Thus, a total of 32 (or 2°) clinic environments are generated based on the two levels of the
five environmental variables. Furthermore, to account for the influence of the relative
importance of doctors’ time to patients’ time on AS efficiency, the following values of
Cq/Cy are considered to determine the TC of each clinic environment - 1,2, 5. We used the
EMR data as the baseline to establish the key parameters needed to simulate the different
clinic environments. We leveraged the same mean and distribution to generate service time
values for the different clinic environments but varied the standard deviation to achieve the
desired CV value under consideration (i.e., 0.35 or 0.7). The no-show status for a patient
is simulated as Bernoulli distribution, where the probability of that patient missing an

appointment is set based on the clinic environment (either 0.3 or 0.5).
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Table 7: Environmental factors and associated levels

Environmental

Eactors Levels Settings
PN 2 0.3,05
CV- A 2 0.35,0.7
CV-B 2 0.35,0.7
=T 2 1.33, 2.00

e 2 35%, 50%

Table 8 presents the configuration of the best AS and the corresponding total cost for each
clinic environment under consideration. It can be observed that all the AS designs that yield
the lowest cost have employed ML-based predictions of both appointment duration and no-
shows (ADME-NSML) | thereby indicating the dominance of the proposed approach. For all
the cost ratios under consideration, the BENP-ALML-NSML-PD is most frequently ranked
(over 30% of the environments considered) as the best AS configuration, followed by BBS-
ALML-NSML_pD configuration (over 20% of cases). Notably, the PD approach is observed
to be the predominant choice of overbooking strategy in the best AS design, as PS policy
results in the least cost only in three instances. Besides, the FCFA sequencing rule is never
adopted in any of the best AS designs. To evaluate the impact of adopting the proposed
sequencing rules (SML — SML) on different clinic environments, we benchmark its
performance against the best AS in each clinic environment (i.e., Table 5). The
improvement achieved by adopting the proposed sequencing rule ranged from 1% - 40.8%

when compared to the best-performing AS that uses existing sequencing rules, as shown
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in Table 10. The SME-AIME-NSML.PD configuration achieves the best performance in most

cases. Besides, the AS based on the proposed sequencing rule yields the lowest cost in

Ca

over 40% of the cases for C of 1. This value increases to 59% and 81% for Cd/C of 2
14 p

and 5, respectively. In other words, the number of environments dominated by the proposed
rule increases as the cost associated with doctor’s time is increased. This may indicate that
these new rules are targeted more towards minimizing doctor’s time as opposed to patient’s
waiting time. Thus, these findings demonstrate the significance of adopting ML predictions

for sequencing patients.
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Table 8: Best appointment system and corresponding total cost for different clinic environments

Clini Best AS Design (TC)

Inic

Environment A % PN | CV-A cv-B ﬂ =1 ﬁ =2 & =5

CP CP CP

1 3B | 2 | 30 0.35 0.35 BBEND_AIML_NSML_PD (7.02) BBND_AIML_NSML.PD (12.55) | BBNP-ALML-NSML-PD (29.14)
2 35 2 30 0.35 0.70 BBG-ALML-NSML.PD (7.71) ABND_ATML_NSML_pD (12.40) | ABND-AIML.NSML.pPD (24.38)
3 35 2 30 0.70 0.35 BBND_ATML.NSML_pPD (8.41) ABND_ATML_NSML_pD (16.03) | ABNP-AIML-NSML-PD (31.39)
4 35 2 30 0.70 0.70 BBND_ATML_NSML_pD) (8.12) ABND_ATML_NSML_p]) (14.97) | BBG-AIML-NSML-PD (34.17)
5 35 2 50 0.35 0.35 BBG-ALME-NSML-PD (5.78) BBG-ALML-NSML-PD (10.59 BBG-ALML_NSML_PD (25.00)
6 35 | 2 | 50 | 0.35 0.70 ABG-AIML_NSML_PD (6.09) ABG_AIML_NSML_pD (6.09) | ABNP-AIML.NSML-PD (25.18)
7 35 | 2 | 50 | 070 0.35 BBND_A[ML.NSML.pD (8.45) | BBNP-ALML-NSML-PD (16.35) | BBNP-ALML-NSML-PD (34.65)
8 35 2 50 0.70 0.70 BBEND_ATML.NSML_PD (7.54) BBND_ATML_NSML_pD (14.17) | BBNP-AIML-NSML-PD (30.49)
9 50 2 30 0.35 0.35 BBG-AIML.NSML_PD (6.30) BBG-AIML.NSML_PD (11.10) BBG-AIML.NSML_pD (25,52)
10 50 2 30 0.35 0.70 ABG-ATML_NSML_PD (6.02) ABG-ATML.NSML.PD (11.29) | ABNP.AIML.NSML.pPD (24.45)
11 50 | 2 | 30 | 0.70 0.35 BBND_AJML_NSML_pp (9.14) | ABNP_AIML_NSML_pD (15.19) | ABNP-AIML_NSML_pD (30.55)
12 50 | 2 | 30 | 070 0.70 ABG_AIML_NSML_pD (7.80) BBND_AIML_NSML_pD (13.16) | BBENP_AIML_NSML_pD (28.24)
13 50 2 50 0.35 0.35 BBG-ALML-NSML.PD (6.30) BBG-AIML.NSML.PD (11.10) BBG-AIML.NSML.PD (25.52)
14 50 2 50 0.35 0.70 ABG-ATML.NSML.PD (6.02) ABG-ATML.NSML.PD (11.29) | ABNP-AIML.NSML.PD (25.66)
15 50 2 50 0.70 0.35 BBND_AIML.NSML_PD (9.14) BBND_AIML.NSML.PD (17.04) | ABG-AIML-NSML.PD (38.75)
16 50 2 50 0.70 0.70 BBG-ALML-NSML-PD (7.30) BBG-AIML-NSML.PD (13.83) BBG-ALML_NSML_PD (31.03)
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Table 9 (continued): Best appointment system and corresponding total cost for different clinic environments

Best AS Design (TC)

Clinic Ha
Environment # Ky PR VA CvB Ca =1 Ca =2 Ca =5
[ C, [
17 35 | 133 30 | 035 0.35 BBND_ATML_NSML_pD (8.54) BBND_AJML_NSML_PD (14.28) BBND_AIML_NSML_pD (31.50)
18 35 | 1.33| 30 0.35 0.70 BBND_AIML_NSML._pD (7.33) ABG-ATML_NSML_p (13.98) ABG-ATML_NSML_pD (33.08)
19 35 | 133 | 30 0.70 0.35 BBG-AIML-NSML.PD (6.61) BBG-AIML.NSML.PD (12.79) BBG-ALML-NSML.PD (31.32)
20 35 | 133 | 30 | 070 0.70 | BBNP-AIML.NSML.pD (11.32) | BBNP_AIML.NSML_pD (19.29) ABND_AML_NSML_pS (39.28)
21 35 | 133 | 50 0.35 0.35 ABG-AIML_NSML_PD (8.36) ABG-ATML.NSML.PD (15.40) BBND_ATML_NSML_pD (30.82)
22 35 | 133 | 50 0.35 0.70 ABG-AIML_NSML_PD (9.41) ABG-ATML.NSML.PD (17.47) ABG_AIML.NSML_PD) (41.64)
23 35 | 133 | 50 0.70 0.35 BBG-AIML-NSML-PD (7.77) BBG-AIML-NSML.PD (14.83) BBG-ALML.NSML_PD (36.02)
24 35 | 133 | 50 0.70 0.70 | BENP-AIML.NSML_pPD (10.50) ABND_ATML_NSML_PS (16.02) ABND_AIML_NSML_pS (32.01)
25 50 | 1.33| 30 0.35 0.35 BBND_AIML.NSML_PD (7.05) BBND_AIML.NSML-PD (12.76) BBND_ATML_NSML_pD (29.88)
26 50 | 1.33| 30 0.35 0.70 BBG-AIML-NSML-PD (6.13) BBG-AIML-NSML.-PD (11.28) BBG-ALML.NSML.PD (26.08)
27 50 | 1.33| 30 0.70 0.35 ABND_AIML_NSML_pD (7.42) ABND_AIML.NSML_pD (13.27) ABND_ATML_NSML_pD (30.82)
28 50 |1.33| 30 0.70 0.70 ABND_ATML.NSML.pPD (7.16) ABND_ATML.NSML.pPD (12.66) ABND_ATML_NSML_p]) (29.15)
29 50 |1.33| 50 0.35 0.35 BBND_AIML.NSML.PD (7.14) BBND_AIML.NSML.PD (11.40) BBND_AIML_NSML_p]) (24.18)
30 50 |1.33| 50 0.35 0.70 ABND_ATML.NSML.PD (6.94) ABND_ATML.NSML_pD (11.85) ABND_ATML_NSML_p]) (26.56)
31 50 |1.33| 50 | 0.70 0.35 BBND_ATML.NSML.PD (7.97) BBND.ALML-NSML-PD) (13.69) BBND_A[ML.NSML_PD (30.85)
32 50 |1.33| 50 | 0.70 0.70 BBND_ATML_NSML_PD (6.94) BBND_AIML_NSML_p]) (12.04) BBND_AIML_NSML_pp) (27.33)




Table 9: Improvement achieved by adopting proposed scheduling rules

Clinic Best Sequencing Rule (Improvement Achieved)
Environment

2 SML (8.95%) — —

3 SML (39.95%) SML (40.80%)  SML (27.30%)
4 SML (23.40%) SML (26.85%)  SML (26.37%)
7 SML (19.64%) SML (20.43%)  SML (8.54%)
12 SML (2.30%) — .

17 SML (14.4%) SML (14.30%)  SML (16.89%)
18 — SML (6.44%)  SML (13.18%)
19 — — SML (8.33%)
20 SML (14.75%) SML(10.89%)  SME (4.68%)
21 SML (11.24%) SML (15.45%)  SML (11.32%)
22 — SML (4.92%) SML (9.10%)
23 SML (1.16%) SML (14.23%)  SML (22.71%)
24 SML (37.71%) SML (25.91%)  SML (12.99%)
25 SML (4.26%) SML (12.23%)  SML (20.45%)
26 SML (1.00%) SML (4.80%) SML (5.33%)
27 SML (7.55%) SML (16.28%)  SML (22.65%)
31 — — —

32 SML (1.15%) — —

Note: Proposed sequencing rule combined with ALML-NSML-PD yielded the best

improvement in all cases.



4.3 Managerial implications and practical implementation

Even though the numerical experiments identify the best-performing rules for different
clinic environments, redesigning an AS is a strategic decision for healthcare organizations.
As demonstrated in Section 4, the design of an AS (allocation, sequencing, overbooking
decisions) has a substantial impact on patient- and doctor-related performance measures,
and the best approach could vary depending on the clinic environment. Besides, translating
the proposed approaches into practice is a critical task and may be associated with some
practical challenges. Therefore, in this section, we present the major implications of this
study for healthcare administrators and provide some insights on the practical

implementation.

The key takeaway is that clinics must transition to a data-driven patient-specific approach
to estimate no-shows and service time since these uncertain parameters have a substantial
influence on the AS performance. Our analysis shows that the benefit achieved by
integrating ML-based predictions of clinical uncertainty into AS design can be significant
as opposed to the common practice of using the statistical averages associated with each
patient class. Another important finding with practical relevance is the insights on
overbooking strategies for no-show adjustment. Our findings show that double-booking
leads to higher AS efficiency as opposed to compressing the appointment duration
proportional to the predicted no-show rate. Specifically, the proposed double-booking
strategy, which achieves a trade-off between patient waiting time and doctor idle time, can

enable the practice to efficiently manage no-shows. This strategy can be integrated into the
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clinical decision support system (CDSS) to seamlessly automate the overbooking decision
in real-time. Finally, we show that most clinics could benefit by classifying patients into
distinct groups and leveraging them for sequencing appointment requests. Our results
revealed two sequencing policies (BB¢ and BBNP) to consistently perform well in most
clinic environments. Furthermore, the proposed sequencing rules, which leverage the ML-
based prediction of service time, can outperform traditional sequencing policies in many
clinic settings, especially when the doctor’s time is considered to be more important than

the patient’s time.

With regard to practical implementation, the proposed predict-then-schedule framework
can be adopted and integrated with the existing health information system, as illustrated by
the three layers in Figure 6. The system layer allows the extraction of relevant data needed
to determine clinical uncertainties and appointment slots for any patient. The process layer
will contain the proposed framework as two modules - predict and schedule. The “predict”
module embeds the capability of ML algorithms into a CDSS, and facilitates real-time
patient-specific no-show and service time predictions. In practice, clinics can use the
procedure described in Section 4.1.1 to determine the best-performing ML algorithm for
that clinic’s patient population. The “schedule” module determines the appointment time
and interval in real-time by integrating the AS design (allocation, sequencing,
overbooking) into the CDSS. Upon determining the best AS design for the clinic (as
described in Sections 4.1.2 - 4.1.4), the schedule construction algorithm (Algorithm 1)
proposed in this research can be adapted for developing the “schedule” module. Note that

the sequential scheduling approach described in Algorithm 1 is motivated by the
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characteristics of the clinic under study (high demand, no-shows, service time variations,
two patient classes, patient accepts available appointment), and may need to be tailored for
specific clinic attributes. Finally, the experience layer acts as a front-end user interface and

relays information from the CDSS.

Patient-facing . g Scheduler
@ D Web portal/ @ _— portal
—— Mabile App m

Web Staff portal | Experience
API AP| Layer
Prediction Module Schedule Module
Outcomes é Outcomes
" H 1 Appointmant Tima H
1 Patient Specific 1 H '
! - No-Show Risk : { Intarval | S
{ e Parat H * ' Sequence 1 . Process
i Service Duration (s » =) ! Double-booking pelicy | Laver
Clinical Decision Support Modules
Patient data Appointment data Provider data L System
APl APl API Layer
- oo - ent -
‘ Medical UU Tracking uu Provider
U Records (EMR) U Database U Database

Figure 12: Illustration of health information system architecture for implementing the

predict-then-schedule framework

Once the two modules are integrated into the CDSS, it can enable the scheduler to book

the sequential appointment requests across the scheduling horizon. In particular, when a
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patient calls for an appointment, the “prediction” module will estimate that patient’s no-
show probability and appointment duration, and feed it as an input to the “schedule”
module. Subsequently, the “schedule” module will determine the appointment time and
duration of this patient according to the AS design. Note that the clinic may schedule any
slots within the scheduling horizon as long as it meets the AS design, and need not
necessarily fully book a given day before accepting appointments for the next day. For
instance, let us consider a situation where the scheduling horizon is 5 days and the first day
currently has a 30-minute unscheduled slot. If the next patient requires a 45-minute
appointment, then the proposed approach will assign that patient to a feasible slot in the
upcoming day (while respecting the allocation, sequencing, and overbooking decisions
pertaining to the AS design). The 30-minute unscheduled slot on the first day will be
considered again for the next appointment request. Since the demand volume is high, it is

likely that all slots will be booked before the day of the appointment.

Nevertheless, clinics may also face certain issues when adopting the proposed predict-then
schedule approach. In particular, the schedule constructed may not utilize all available slots
in some cases. Since the appointment duration varies for each patient, the clinic capacity is
not filled at a constant rate. As a result, when the schedule is constructed sequentially, few
slots (especially smaller durations) may be left vacant as the incoming requests may require
a longer duration than the available capacity. The hospital administration may allow the
empty slots in the schedule to compensate for any potential delay (e.g., late service
completion, doctor interruptions) from accumulating throughout the schedule.

Alternatively, an incoming request can be scheduled in the vacant slot to fully utilize the
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capacity even if the patient is predicted to require a longer duration, thereby increasing
access to care at the expense of a potentially higher patient waiting time and doctor
overtime. Furthermore, a patient may insist on an appointment slot that violates the
sequencing rule or overbooking policy associated with the AS design. In such situations,
the scheduler could adopt one of the following options: (i) communicate the appointment
time provided by the CDSS (in accordance with the AS design) and let the patient either
accept/reject the appointment or (ii) oblige to the patient’s request by not adhering to the
CDSS recommendations. To establish the best decision for such situations, an extensive

analysis to quantify the impact of both options on the AS efficiency must be performed.

4.4 Conclusions

In this chapter, we consider the problem of designing an AS for scheduling patients in the
presence of sequential call-ins, no-shows, service time uncertainty, and distinct patient
groups. Also, unlike most prior works, this study considers the two sources of clinical
uncertainty, namely, no-shows and service time, to be heterogeneous and patient-specific.
A predict-then-schedule framework is proposed, where ML algorithms are leveraged to
design the AS. The first phase of the proposed approach is to predict the likelihood of a
patient missing an appointment and his/her expected service time at the clinic using ML
algorithms. A total of 16 predictors pertaining to patient demographics, appointment detail,
medical history, and patient behavior are used as inputs to the ML algorithm. In the second
phase, the predictions are leveraged to determine no-show adjustment and appointment

duration during the real-time scheduling of patients. In addition, this research also
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capitalizes on the ML-based prediction of service time to propose four new rules for
sequencing patients. The proposed approach and sequencing rules are evaluated by
considering a real-life case study of a cardiology clinic. Besides, we also simulated 32
different clinic environments to evaluate the impact of integrating ML-based no-show and
service time prediction on AS efficiency. The results demonstrate the capability of ML
algorithms to accurately predict patient-specific service time and no-show. Moreover, our
comprehensive analysis showed that integrating the ML-based estimates into the AS design
via the proposed predict-then-schedule framework achieves a substantial improvement in
AS efficiency for all clinic environments tested when compared to the traditional approach

of utilizing historical averages to estimate no-shows and service time.

For future work, we have identified the following research directions. First, the clinic
environments considered in this study can be extended to include other characteristics such
as multi-day scheduling horizon, walk-ins and late arrivals. Furthermore, the impact of
accommodating patient preferences and defying sequencing decisions on AS efficiency can
be investigated to obtain managerial insights for practical implementation. Second, the
impact of integrating the ML-based predictions with existing scheduling approaches
developed for other clinical environments, such as multi-server clinics [154,155] and multi-
stage multi-server environments [59] can be considered. Third, the proposed approach can
be extended to accommodate more than two patient classes. Finally, other approaches for
uncertainty prediction (e.g., stacked generalization) and sequential scheduling (e.g.,
Markov decision process) can be considered within the scope of the predict-then-schedule

framework.
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Chapter 5. Early Detection of Cardiovascular Disease Risk Using

Explainable Machine Learning Framework

As discussed in Chapter 2, existing association studies and prediction models have several
limitations. First, most previous research focuses on the impact of a single risk factor (such
as gender, total cholesterol, HDL cholesterol, systolic blood pressure, and smoking) on
cardiovascular disease, thereby providing limited scope for risk assessment among
adolescents. Second, studies that consider the impact of more than one risk factor (such as
Framingham risk-score model and ASCVD Risk Estimator Plus) on CVD use different
forms of regression or multivariate analysis and assume the risk factors are related to CVD
in a linear pattern. As a result, the complex synergistic interaction of risk factors is not
recognized. Third, almost all the existing prediction models use factors such as age, gender,
race, cholesterol, blood pressure, smoking status, and presence of diabetes to estimate the
10-year or 30-year risk of heart disease or stroke and don’t consider other behavioral and
lifestyle’s factors as inputs to their models. Most importantly, all existing risk prediction
models are applicable only for adults above the age of 30 years and are not suitable for
determining the long-term impact of unhealthy behavior in the earlier adolescent years.
Finally, very little academic research is devoted to the development of a predictive model
that is able to categorize adolescents as high or low risk of CVD in adulthood. This research
aims to overcome the above-mentioned limitations in the literature. Specifically, the ML-
based CVD risk predictor developed in this research applies to the adolescent population.
Moreover, the proposed risk scoring method is unconstrained, assuming all possible forms

of relatedness of risk factors and incidence of CVD risk. Herein, we propose to evaluate
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whether the long-term CVD risk score can be predicted based on adolescent-related factors
by using ML algorithms. Thus, this chapter aims to answer the following research

questions:

i.  Can adolescent risk factors (i.e., socioeconomic, demographic, lifestyle, stressful
life event, positive mood, self-image, and depressive symptoms) predict adulthood
CVD risk?
ii.  Which adolescent risk factors are key predictors of adulthood CVD risk?
iii.  Can the decision-making process of the ML-based long-term CVD risk prediction

be explained or interpreted?

5.1 Research Methodology

An overview of the methodology is shown in Figure 13. We leveraged the Waves | and 11
Add Health data to identify potential adolescent risk factors (predictors) and Wave IV data
to estimate the CVD risk (outcome). The data is first pre-processed and then partitioned
into training and testing subsets. The training subset is employed to train the ML models,
while the testing set is used to evaluate the trained algorithm. In addition, the results from

ML models are explained using the Shapley Additive exPlanations (SHAP) method.
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Figure 13: Methodology overview

5.1.1 Data Description

This study uses data from a nationally representative sample of adolescents taking part in

the National Longitudinal Study of Adolescent to Adult Health (Add Health)[156]. The

study followed over 20,000 individuals from adolescence to adulthood, starting with a

school questionnaire and home interview for students in grades 7 through 12 in 1994 -1995

(Wave I). The Add Health cohort was followed into young adulthood with follow-up multi-
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wave in-home interviews: Wave Il (1996), Wave I11 (2001-2002), Wave 1V (2007 -2008).
For Wave I, the in-school questionnaire asked adolescents about their social demographics,
their parents’ education, occupations, self-esteem, health status, and risk behaviors. The in-
home interviews included questions regarding nutrition, family composition and dynamics,
substance use, and criminal activities. In addition, a parent, preferably the resident mother,
was asked to complete an interviewer-assisted questionnaire on topics such as inheritable
health conditions, relationships, education, employment, and income. From all participants
in Wave I, around 15000 was followed up in Wave 1l. The data collected in this wave was
similar to Wave I, but also included more detailed nutrition information. Moreover, the
height and weight of each participant were recorded. In Wave 1V, when the participants
where adults, several health-related biomarkers such as height, weight, and waist
circumference, cardiovascular measurements including systolic blood pressure, diastolic
blood pressure, pulse, metabolic measures from lipids, glucose, and glycosylated
hemoglobin (HbAlc), measures of inflammation and immune function were recorded. For
more details about the Add Health study and design, readers can refer to [156]. In this
study, we use data from Waves | and Il to identify potential adolescent risk factors

(predictors) and Wave IV data were used to estimate the adulthood CVD risk.

5.1.2 Data Preparation

The raw data is pre-processed and prepared for predictive modeling. The predictors

included both continuous and categorical variables. However, certain variables contained

missing values because the participant did not know the most appropriate option for that
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item or refused to provide an answer. All missing values are imputed using chained
equations [157], where the distribution of unobserved value is estimated based on the
observed values. In particular, if there are M independent variables, then the variable (e.g.,
x4) with missing values is regressed on the other independent variables, (x,, x5..., X)), by
considering only the observed values, and subsequently, the missing values in x; are
obtained using the predictions from the fitted model. The procedure is repeated for each
variable containing one or more missing values to obtain a complete dataset. Subsequently,
each categorical variable is one-hot encoded and transformed into multiple numeric fields.
The pre-processed dataset includes 14,083 complete records, which is then used for ML
model development. The procedure adopted for preparing the predictors and outcome

variable is described in the following subsections.

5.1.2.1 Input Variables and Feature Engineering

Since Add Health survey questions are not specifically targeted towards CVD risk factors,
there are many survey items that are not pertinent to this research. Therefore, we selected
relevant questions based on expert opinion (e.g., endocrinologist or cardiologist) and prior
research findings [158,159,168-173,160-167]. Survey items from Waves | and Il that
reflected the following factors are selected as input variables for ML model development
—sociodemographic, socioeconomic, lifestyle and health risk, stressful life events, positive
well-being, and depression. While some independent variables (e.g., gender, age) can be
directly obtained from Waves | and Il survey questionnaires, some predictors must be

inferred from one or more survey items. We rely on established survey items that are
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validated and employed in prior literature to infer these predictors (see Table 10). For
instance, adolescents’ physical activity is obtained from the seven survey questions where
individuals are asked to report how many times they are engaged in a specific activity in
the last week. The responses from these questions are aggregated to create the adolescents’
total physical activity variable [160]. For sedentary behavior, the total screen-time is
captured based on the following questions — “How many hours a week do you watch
television?”, “How many hours a week do you watch videos?” and “How many hours a
week do you play video or computer games?”’ Participants’ responses are summed to obtain

the total number of hours of screen-time per week [162].

Positive well-being factors such as positive mood and self-image are created from
participants’ responses to the 10 questions that came from the Center of Epidemiologic
Studies Depression (CES-D) Scale [170]. Four of these items asked about the following
feelings experienced in the last week — happiness, feeling as good as other people, enjoying
life, and hopefulness. The answers for these four questions are summed to generate a single
positive mood factor [165,166,174]. The other six questions asked participants whether
they— have good qualities, have a lot to be proud of, like themselves, do things right, are
socially accepted, feel loved and wanted. The answers to these questions are added to
measure the self-image of each participant [167-169,174]. Adolescent depression is self-
reported and measured based on 15 questions from the CES-D questionnaire. This includes
whether individuals felt sad, couldn’t shake off the blues, felt lonely, thought their life was
a failure, bothered by things that usually don’t bother them, felt disliked by other people,
trouble of concentration, felt fearful, lost appetite, felt people unfriendly to them, felt

exhausted, spoke less than usual, found it hard to get started doing things, and felt life
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doesn’t worth living. The responses to these 15 questions are summed to create a depressive

score that ranged from 0 — 45, with 45 indicating higher depression [159,162,164,171,174].

Table 10: Input variables and their related topics based on literature

Adolescent Factors

Variables

Reference

Sociodemographic

Gender
Age
Race

[158-162]

Socioeconomic

Parental Education
Parental income
Family structure

[159-161]

Lifestyle and health risk

Self-rated health
Physical activities
Sedentary behaviors
Fast-food consumption
Eating breakfast
Alcohol use
Marijuana use
Smoking status
Obesity

Sleep duration
Parental obesity
Parental diabetes

[159-164]

Positive well-being

Positive mood
Self-image

[165-169,174]

Depression

Depressive symptoms

[159,162,164,170,171,174]

Stressful life events

Saw violence

Threatened by knife or a gun
Was stabbed

Was jumped

Skipped necessary medical care
Suffered a serious injury

Was raped

Friend attempted suicide

Family member attempted suicide
Was injured in a physical fight
Hurt someone in a physical fight
Romantic relationship ended
Contacted a STD

Run away from home

Suffered verbal abuse in romantic
relationship

[159,164,172,173]
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5.1.2.2 Qutput Variable

The 30-year adulthood CVD risk category (low or high risk) is estimated using Wave 1V
survey data collected 14 years after the initial interview (participants mean age of 29). In
addition, the survey collected information related to participants’ demographics,
anthropometric measures, and health test results. We used the risk prediction function, a
modified Cox model, derived by Pencina et al. [99] to compute the adulthood CVD risk
over a 30-year time frame. The model leverages factors from Wave 1V, including — age,
gender, systolic blood pressure (SBP), BMI, smoking status, use of antihypertensive
medications, and presence of diabetes to estimate the 30-year CVD risk score. Similar to
previous research, an individual with a risk score over 20% is classified as high-risk and
low-risk otherwise [175,176]. Thus, the outcome variable is the long-term CVD risk (low

or high) of an adolescent.

5.1.3 ML Algorithms and Evaluation

The problem of predicting the CVD risk (i.e., categorizing individuals as low and high risk
of CVD) is modeled as a supervised classification problem. Recent research has
demonstrated the capability of decision trees (DT), random forest (RF), extreme gradient
boosting (XGBoost), and deep neural networks (DNN) to accurately predict binary
variables in the healthcare domain, such as disease risk [177-179], heart disease [180-
183], and mortality risk [184-186]. Therefore, we employed and evaluated these four ML

algorithms for CVD risk classification. Stratified random sampling is performed to divide
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the data into two parts — 75% is used for training the classification models, and the
remaining 25% is held-out for evaluation. To eschew overfitting (learning noise) in the
learning phase and optimize the parameters of ML models, a 10-fold cross-validation
procedure is performed on the training data [112,113]. A brief description of the four ML

techniques is provided in the following subsections.

5.1.3.1 Decision Tree (DT)

Decision Tree (DT) is a supervised ML technique used for both classification and
regression problems. The algorithm uses a tree-like structure and includes root nodes
representing the input features or the dataset, branches representing the decision rules, and
the leaf/terminal node representing the outcome (or class) [187]. Decision trees are built
using a recursive partitioning heuristic, where each sub-node following the root node is
split into several nodes. The idea for DT is to divide the dataset into dense and sparse
regions and continue splitting until the data is sufficiently homogenous. DT determine the
attribute to split at each stage based on the information gain (IG) [188], which measures
how well a specific feature divides the dataset according to its classification output [189].
IG measures the reduction in entropy (uncertainty in the data) after splitting the dataset
based on a given attribute. Upon evaluating the IG for all potential attributes, the one with
the highest 1G is chosen for splitting. The formulas for entropy and 1G are given in
Equations (1) and (2), respectively, where N is a training dataset and p; is the probability
of randomly selecting class; in S. Also, A is attribute selected for splitting, v is a possible

value of attribute A and N,, the subset of S for which attribute A has a value v.
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The steps involved in training a DT are as follows:
i.  Itstarts with the training set N as the root node.
Ii.  With each iteration, the algorithm calculates Entropy and IG for attribute A in N
that has not been selected.
iii.  Then, it selects attribute A, which has the largest 1G.
iv.  Using the selected attribute, the training set N is then divided into subsets.
v.  The algorithm continues to run for each subset, considering only the attributes

that have not been selected before.

5.1.3.2 Random Forest (RF)

Random forest is an ensemble technique that employs a multitude of uncorrelated decision
trees [114]. Each tree is usually trained using the bagging method, where independent trees
are constructed using bootstrap sampling [190]. Each tree gives a class prediction, and the
class with the most votes will be selected as the final prediction. In standard trees, the best
split is chosen from the set of all variables, whereas in RF, the node is split using the best
among a subset of randomly selected variables. This strategy performs well compared to
other classifiers such as support vector machines and discriminative analysis [114]. In

addition, such an approach reduces the likelihood of overfitting [114]. The key steps
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associated with training an RF algorithm for classification are as follows:
i.  Randomly select n samples from the N training dataset.
ii.  Foreach n sample, construct a classification tree. At each node, randomly sample
m variables and select the best split among these m predictors.
iii.  Classify new data by taking the majority vote (the most predicted class) of the

constructed trees (T).

5.1.3.3 Extreme Gradient Boosting (XGBoost)

In gradient boosting machines, the learning process is based on the idea of consecutively
fitting new base learners to provide a more accurate estimation of the output variable such
that the gradient of the loss function of the whole ensemble (group of base learners) is
reduced [191]. Extreme gradient boosting was developed by Chen and Guestrin [192],
which is an optimized version of the gradient boosting machine. The main improvement in
XGBoost was the normalization of the loss function, which reduces the modeling
complexity and hence the likelihood of overfitting [193]. The algorithm for XGBoost is an
iterative process that follows the following steps [117]:
e Initialize model with a constant value f,(x) =y
e For each boosted model t
o Compute the residual of the previous model as h;(x) =y — f;_1(x)
o Fitatree (g.(x)) on the residuals of the previous tree by using a subset of
the training data drawn without replacement

o Compute the gradient descent step size (p;(x))
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e Combine the trained trees to obtain a boosted model, f;(x), which has lower loss
function than f;_;(x). Also, to prevent overfitting a shrinkage parameter (J €
(0,1]) is used to control the learning rate. Therefore, the combined model is
represented as f;(x) = fi_1(x) +] X ps(x) X g, (x)

e The procedure is repeated until the reduction in the loss function is insignificant.

5.1.3.4 Deep Neural Networks (DNN)

Deep learning models are based on the architecture of the neural networks, which adopts a
hierarchal organization of interconnected neurons. These neurons pass a signal to other
neurons based on the perceived input and form a complex network [194]. In this research,
we adopt a deep feed-forward artificial neural network architecture containing three types
of layers — input, hidden, and output. Each layer has a set of nodes, and each node has an
activation function that calculates the output to the next node. The connection between two
nodes of successive layers has an associate weight, which defines the strength of the
connection between nodes. For instance, if the weight from node i has a larger value than
the weight from node j, it means that node i has a greater influence over node j. The term
“deep neural networks” evolves from many hidden layers that facilitate learning complex

relationships between input and output data and provide better prediction [119].

In DNN, the learning process starts when input data is passed to the first hidden layer,

which is then transformed using the activation function, then this information is forwarded
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to the next layer. This process, known as forward-propagation, continues until the
information from the last hidden layer is transformed and passed to the output layer to
make a prediction. The training data is fed into the DNN in small batches, where a batch
contains one or more training records for learning purposes. The connection weights
between nodes i and j (w;;) of DNN are initialized randomly and progressively altered (as
shown in Equation 3) for every successive batch (b) based on the difference between the
actual and predicted output (E) obtained from a previous batch (b — 1) and network’s

learning rate (n) - referred to as backward pass.

0FE
an'j

w;j(b) =wj(b—1) +1 (3)

Moreover, DNN may require several epochs, number of passes through the entire training
data, where each epoch has one or more batches before approximating the mapping

function.

5.1.3.5 Hyperparameters Tuning

The hyperparameters of the four ML models are tuned using the grid search technique as
it was well-suited for models with few parameters and easy-to-implement [120]. The
hyperparameter space screened for each algorithm is based on the commonly used values
in the literature [121-126]. The number of trees (T) considered for RF, DT, and XGBoost
were (25, 2%, 27, 28). Besides, the number of variables randomly sampled at each candidate
split (m) in the RF algorithm are varied from 5 to 15. For XGBoost, the learning rate (J)

explored was between 0.025 to 0.1, and the minimum number of observations in a trees’
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terminal node (C) is varied from 2 to 8. For DNN, the number of hidden layers (H)
examined were (1, 2, 3, 4, 5), while the number of nodes in each hidden layer (n;,) is varied
from 1 to 16. Moreover, the values of learning rate (n), number of epochs (P) and batch
size (b) searched were (0.01, 0.05, 0.1), (10, 20, 30, 40, 50), and (32, 64 ,..., 512),

respectively.

5.1.3.6 Evaluation metrics

The classification models are compared based on three measures, namely, area under the
receiver operating characteristic curve (AUC-ROC), area under the precision-recall curve
(AUC-PR) and misclassification rate (MCR). The AUC-ROC is a single measure for
evaluating the overall discriminative performance of the ML model [127]. Besides, AUC-
ROC has been consistently used in prior research dealing with classification [59]. On the
other hand, AUC-PR is considered to be a robust metric for evaluating models dealing with
class imbalances [128]. The MCR is the ratio of total number of incorrect classifications to
the total predictions. The value for these metrics ranges from 0 to 1, where a higher score

is preferred for AUC-ROC and AUC-PR and a lower score is better for MCR.

5.1.4 ML interpretability and explainability

While RF, XGBOOST and DNN have demonstrated high-prediction accuracy than simpler
models such as DT in prior studies, they are also regarded as ‘black-box’ models since it

is difficult for humans to comprehend their behavior in predicting the outcome.
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Interpretability of the ML model is the degree to which a model can explain its output based
on a set of inputs [195]. The ability to interpret or explain the ML model predictions is
crucial for data-driven decision-making, especially for adopting targeted interventions in
healthcare. The scope of ML model interpretation can be global or local. Global
interpretability identifies how the model makes its predictions based on a holistic view of
its features, parameters, and structure. In other words, it explains the global output of the
model on an abstract level [196]. On the other hand, local interpretability is achieved by
designing more justified model architectures that provides explanation for a single

prediction [196].

Existing methods for interpreting ML models can be categorized into two groups —
intrinsically interpretable methods and model-agonistic methods [82]. Intrinsically
interpretable methods are limited to self-explainable models, such as linear regression and
DT models. These models are less complex and easy to explain since a mathematical rule
can represent their internal structure. On the other hand, agonistic methods are not limited
to specific ML models but can be applied to any ML model. In addition, agonistic methods
work by analyzing the relationship between the inputs and output rather than analyzing the
internal structure as in the intrinsically interpretable methods [82]. In this research, we use
Shapley Additive Explanations (SHAP), a model-agonistic method that adopts the
concepts from cooperative game theory [197], [198]. It calculates the contribution of each
variable based on the Shapely value [199]. The contribution of feature i on the prediction

using the Shapely value can be calculated as shown in Equation (4), where F is the entire
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feature set, and S denotes a subset, S U {i} is the union of subset S and feature i,

(v(S U {i}) — v(S)) is the marginal contribution of feature i.

S|t (F — 1S = 1!
F!

i) =

SCF{i}

(S U (i) - v(S) @

5.2 Results

The procedure for predicting CVD-risk category using ML algorithms is implemented in
Python software on a computer configured with Intel Core i7 3.4 GHz processor, macOS
Sierra operating system, and 32 GB RAM. The pre-processed dataset contained 14083
records, and 75% of it is used for training the ML algorithms while the remaining 25% is
used for evaluation. The percentage of high CVD risk subjects in training and testing
datasets are 17%, and 16%, respectively. The best set of hyperparameters for classification

models are summarized in Table 11.

Table 11: Best hyperparameter values for classification models from grid-search

Classifier ~ Hyperparameter  Value

RF T 32
m 7

XGBoost T 64
C 6

J .05
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DNN H 3

ng 10
P 50
n 0001
b 8

5.2.1 Predictive Performance of Classification Models

The performance of classification models on 10-fold cross-validation and testing datasets
is illustrated in Table 12. The evaluation metrics indicate a good discriminative capability
of “Low” and “High” CVD-risk of all the classification models. In particular, XGBoost
yielded the best average values for all the classification evaluation metrics under
consideration. It achieved 4% better AUC-ROC, 3% higher AUC-PR, and 3% lower MCR
than RF. Similarly, when compared to DNN, XGBoost showed about 6.0%, 2.0%, and
2.0% improvement in AUC-ROC, AUC-PR, and MCR values, respectively. The
performance of ML models on the testing dataset is comparable to the cross-validation
results, thereby suggesting the ML models' generalization capability. Besides, XGBoost
and RF consistently outperformed the other two algorithms for CVD-risk classification,

respectively.
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Table 12: Performance of classification models on cross-validation and testing dataset

ML Model Cross-validation Dataset Testing Dataset

MCR | AUC-ROC | AUC-PR | MCR | AUC-ROC | AUC-PR
DT 11.3% | 88.4% 97.7% 14.5% | 78.9% 92.2%
RF 14.0% | 90.1% 98.0% 15.3% | 84.2% 96.7%
XGB 11.0% | 90.5% 98.3% 12.6% | 84.5% 96.9%
DNN 13.1% | 82.8% 96.2% 13.5% | 81.2% 95.6%

5.2.2 ML models interpretation

5.2.2.1 Variable Importance Plot — Global Interpretability

The predictions obtained by the ML models can be interpreted by SHAP in different ways.
For instance, the feature importance plots, as shown in Figure 14, explain the general
influence of each feature on the prediction [199]. It is calculated as the average of absolute
shapely values across the entire dataset. It can be seen from the figure that gender, BMI,
and age were in the top five most important features in all ML models except for DNNs
where Age was less important than gender and BMI. For XGBoost, smoking and sedentary
duration also influenced the CVD risk. In the case of RF, besides smoking, using marijuana
was an important predictor of high CVD risk. In addition, parental obesity was one of the
top five features for CVD-risk prediction. Other key factors that appeared to contribute to
the prediction of CVD are self-image and eating habits in the case of DNN. Parental income
is also considered one of the top five crucial CVD predictors for all ML algorithms except
RF. In addition, depressive symptoms were among the top significant factors for CVD-risk

prediction for DT.
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As mentioned earlier, the importance plots only show the global influence of each feature
on the prediction. However, they do not indicate how each predictor’s contribution is either
positively or negatively affecting the prediction. For that reason, summary plots, which
provides a global macro-level explanation of how the input variables contribute to the
prediction, is employed. Figure 15 presents the summary plot that demonstrates
importance, impact, original value, and correlation of the adolescent factors to the high
adulthood CVD risk. Note that the importance is demonstrated by the decreasing order of
the variables. In particular, the impact (positive vs. negative) is shown in the x-axis. The
color shows the value of a specific variable, in which red signifies high value and blue
implies low value. In the case of categorical predictors, a red color indicates the presence
of the factor (or true), while blue denotes the value of that variable to be false. For instance,
“Gender_female” represents the encoded gender variable where red represents the female
gender and blue indicates the male participants. Similarly, “Obese parents” indicate
parents who are obese if the value is “yes” and non-obese otherwise. The correlation of
each variable with the target can be inferred when considering both the impact and the
color of the observations for a specific variable [200]. The importance plots for all ML
models show that males are more likely to be in the high CVD risk category as opposed to
females. As expected, the likelihood of being categorized as high-risk increases with age,
BMI, and cigarette smoking. On the other hand, the XGBoost (Figure 3a) shows that less
sedentary durations (or being physically active) and higher parental income tend to have a
lower influence on the prediction of high-risk category as opposed to the low-risk category.
For RF, using marijuana and having an obese parent increase the probability of being

classified as a high-risk. According to DNN plots, having low self-image and less
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occurrence of eating breakfast increase the likelihood of being classified as a high-risk.

The higher the depressive symptoms, the higher the chance of being classified as high-risk

according to DT.
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Figure 14: Global interpretation of ML models — SHAP variable importance plots: (a)

XGBoost, (b) RF, (c) DNN, (d) DT
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Figure 15: Global interpretation of ML models — SHAP summary plots: (a) XGBoost,
(b) RF, (c) DNN, (d) DT

5.2.2.2 SHAP Dependence Plot — Global Interpretability

Other than the demographic variables (i.e., age and gender), some lifestyle and health risk
variables that appear to affect the risk of CVD are — BMI, smoking, sedentary duration,
and weekly breakfast frequency. To show the marginal effect of these features on the
outcome of the ML models, dependence plots are used [201]. These plots view the
relationship between the feature and the feature’s impact on the model. In addition, they
include another variable for coloring (red or blue) to highlight possible interactions. They
plot the feature value versus the SHAP values of that feature across many samples. As the

SHAP values increase with the increasing values of the feature, that would indicate a
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positive correlation between the feature and the predicted outcome; otherwise, it would
signify a negative relationship. For instance, Figure 16 (a) shows an approximately positive
and linear relationship between BMI and the high CVD risk, and that BMI interacts mainly
with gender. Similarly, as the instance of smoking increases, this also increases CVD risk,
as shown in Figure 16 (b). The figure also shows that males (in blue) who smoke more than
two cigarettes a month have a higher risk of CVD than females (in red) who also smoke
the same number of cigarettes. Sedentary durations seem to interact mostly with age, as
shown in Figure 16 (c). It also can be seen that individuals who are 15 years and older and
have more than 24 hours of inactive durations a week have a positive and approximately
linear relationship with higher CVD risk. Figure 16 (d) illustrates that eating breakfast
more often decreases CVD risk. It also shows that individuals who eat breakfast more than
once a week have a lower BMI than those who have breakfast once a week or do not have

it.
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Figure 16: Partial dependance plots: (a) adolescent BMI, (b) smoking, (c) sedentary

duration, (d) eat breakfast

5.2.2.3 Individual SHAP Value Plot — Local Interpretability

In addition to the global interpretation of the entire dataset, SHAP also provides local
interpretation for each sample. The individual plot, as shown in Figures 17
() and (b) illustrate the classification of two samples as high risk and low risk,
respectively. The individual/force plot shows how each feature influences the classification
of each observation as high or low risk, as well as the direction and magnitude of the

influence. In the context of classification, the red color represents features that drive the
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classification to be in the high-risk category, while the blue color shows those nudging the
prediction to be in the low-risk category. The length of the bar denotes the magnitude of
influence for the corresponding feature. For instance, features with a more extended bar
indicate having more influence on the output [200]. The bold value is the probability of the
output being predicted as a particular risk category. Higher probability than the cutoff (in
our case, the cut-off is kept at the default setting of 0.5) leads the model to classify it as a
high risk, and a lower probability than the threshold leads to a classification of low risk
[202]. For instance, the selected individual in Figure 17 (a) is a male who is 18 years old
and smoked every day in the past 30 days. The individual plot explains how this individual
is perceived by the model. It can be seen from the figure that age, smoking, and gender, in
this case, are pushing the model to classify it as a high risk. It can also be seen that gender
has a larger influence, followed by smoking and age for this individual. On the other
hand, Figure 17 (b) shows a male individual who is 14 years old, has a normal BMI and
does not smoke. In this case, the BMI, Age, and smoking status push the model to classify
it as a low risk, whereas the male gender pushes it to be classified as a high risk. The
combined influence from the normal BMI, younger age, and non-smoking leads to a
prediction of 0.10, which is the probability of being classified as high-risk. Since this is

less than the threshold 0.5, the predicted risk category is low-risk.
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Figure 17: Local interpretation — individual plots: (a) high risk, (b) low risk

5.3 Discussion and Conclusion

In this chapter, an ML-based approach is implemented to determine if adolescent risk

factors can accurately predict CVD risk in adulthood. Currently, there is no tool available

to predict CVD risk among young adults. Instead, almost all of the available tools are only

applicable to adults and use cross-sectional data. This study provides the first long-term

ML-based CVD risk prediction model among adolescents based on a longitudinal dataset.

We trained four ML models, namely XGBoost, RF, DDNs, and DT, to predict CVD risk,

using 37 adolescent risk factors as predictors, and compared the model performances

measured by MCR, AUC-ROC, and AUC-PR. The results of the prediction models

indicated that adolescent risk factors were able to predict the CVD risk with high accuracy.

This finding supports the prior research highlighting the importance of adolescent risk
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factors in developing CVD events later in life [32,84,85]. Moreover, our results suggest
ML models to be capable of accurately predicting long-term risk of CVD among
adolescents. This finding complements other research works that have employed ML to
predict the long-term risk of other diseases such as type 2 diabetes [203], kidney [204],

cancer [205].

This study also identified adolescents’ risk factors that were significant for predicting long-
term CVD risk. Consistent with previous research, our findings reveal that gender, age,
BMI, and smoking were important for predicting CVD risk [30,35,36]. Earlier studies have
established an association between parental income [206], sedentary duration [207],
skipping breakfast [208], self-image [209] , and depressive symptoms [210] and a higher
likelihood of CVD risk, and our study results further substantiated this as these factors are
found to be critical predictors of CVD risk. In addition, some predictors emerged as
important for specific algorithms but not for others. This could be due to the learning
pattern of the ML algorithm and the way they select and rank features as important [211].
For instance, “FamilyStructure divorced” was ranked as one of the key predictors for CVD
by DNN as opposed to the other ML models. Also, stressful life events appeared to have
little to no influence on the CVD risk as they were not identified as important and low

ranked by all ML models.

Most prior works that focus on interpretability/association use algorithms such as LR, DT,

whereas studies focusing on achieving higher prediction accuracy use black-box ML

models and compromise interpretability. This research is among the first to provide the
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local and global interpretation uncovered by the black-box ML model for predicting
adulthood CVD risk using adolescent risk factors. For instance, results from dependance
plots revealed how risk factors such as, weekly breakfast frequency and BMI interact with
each other. Our results indicate that adolescents who eat breakfast more than once a week
have a lower BMI compared to those who have it once a week or skipped it. This finding
support prior work highlighting the association between high BMI and skipping breakfast
for adolescents [212]. Contrary to the previous work about smoking and its effect on
developing CVD among adults, our results indicate that female adolescents who smoke

same number of cigarettes as males have less chance of developing CVD risk [213].

The findings of this study have several implications. Once the proposed tool is validated
on new data sources, it can be used to develop primordial prevention plans that promote
youth health and enable individuals to seek care at an early stage. Developing such plans
could improve the quality of life, avoid psychological stress, functional impairment,
medication-related side effects, and premature death [214]. Moreover, early intervention
could reduce healthcare costs by up to 70% [215]. Therefore, standardizing the proposed
approach for other diseases and adapting it to intervene at an earlier stage could achieve
substantial cost savings. In addition, the proposed approach can be scaled up to prevent
and manage other diseases such as type 2 diabetes, obesity, and arthritis, thereby improving

the overall population health.

Although this study has many merits, it also has a few limitations that can guide future

research. First, the ML models in this study uses the data collected as part of the Add Health
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study. While the study uses a representative sample of adolescents in the US, the
generalization of the proposed ML models for other adolescent cohorts is not evaluated
and could be considered as a future research direction. In addition, the capability of our
ML models to predict CVD risk for individuals who may fall outside the age ranges
considered in this study is not known. Second, the impact of certain predictors such as
adolescent waist circumference, heart rate and family history of CVVD were not considered
as it was not collected as part of the Add Health study. To this end, future studies should

validate these findings in other large-scale and longitudinal cohorts.
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Chapter 6. Conclusions and Future Research Directions

This dissertation addresses the problem of improving cardiac care delivery from two
perspectives. First, the problem of managing high demand for cardiac care and limited
available capacity, which is currently experienced by most cardiology clinics, is tackled
through the integration of ML into AS design. Second, a decision support tool is developed
to facilitate early detection of CVD cases, which has the potential to handle the problem of

rising CVD cases through early targeted intervention.

For developing an efficient AS, clinical uncertainties, such as consultation length and no-
shows, should be correctly estimated. Thus, in chapter 3, we proposed an ML-based
approach for predicting the consultation length and no-shows. Unlike the ML-based
models for predicting consultation length in literature, this work presents an ML-based
two-part model for predicting the consultation length while considering the possibility of
no-shows. The proposed model includes — a classification model to predict no-shows (i.e.,
categorize the consultation length as zero or non-zero) and an ML regression algorithm to
estimate consultation duration for instances classified as non-zero. Besides, a
comprehensive list of features pertaining to patients, appointments, and doctors’
information is considered. Furthermore, the proposed approach is validated using data
obtained from the EMR system of a cardiology clinic, thereby demonstrating its feasibility.
In addition, we assessed the impact of integrating consultation length and no-show
predictions on the appointment system design, where two simulation models are developed

to compare the clinic’s existing approach with the proposed approach for estimating
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patients’ consultation length and compensating for no-shows. Specifically, the procedure
to estimate the consultation length in the current approach depends on the patient status
(new vs. return) and the reason for the visit. Whereas to compensate for no-shows, the
clinic randomly overbooks based on the clinic’s average no-show rate. The performance
of the two simulation models is compared based on critical schedule outcome measures,
namely, patient waiting time and doctor idle time. The results indicated that the proposed
approach is significantly better than the current practice with respect to patient waiting time

and physician idle time.

Considering these results, in chapter 4, we designed an AS for scheduling patients in the
presence of sequential call-ins, no-shows, service time uncertainty, and distinct patient
groups. Unlike most prior work, this study considers patients’ service times and no-Shows
to be heterogeneous and patient-specific. A predict-then schedule framework is proposed,
where predictions from ML algorithms are leveraged to determine no-show adjustment and
appointment duration during the real-time scheduling of patients. Additionally, this work
proposes four new rules for sequencing patients based on the ML-based prediction of
service time. The proposed framework and the new sequencing rules are evaluated based
on a case study of a cardiology clinic. Besides, we performed a simulation of 32 different
clinic environments to evaluate the impact of integrating ML-based no-show and service
time prediction on the efficiency of AS. Consistent with chapter 3 results, our
comprehensive analysis showed that integrating the ML-based estimates into the AS design

via the proposed predict-then-schedule framework substantially improves AS efficiency
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for all clinic environments tested compared to the traditional approach of utilizing

historical averages to estimate no-shows and service time.

In chapter 5, we developed a long-term ML-based model to predict CVD risk among
adolescents based on a longitudinal dataset that facilitates the early detection of CVD.
Almost all the existing CVD prediction models use traditional risk factors such as age,
gender, race, blood pressure, and smoking status to estimate the 10-year or 30-year risk of
heart disease and do not consider other behavioral and lifestyle factors as inputs to their
models. Most importantly, all existing risk prediction models are applicable only for adults
above the age of 30 years and are not suitable for determining the long-term impact of
unhealthy behavior in the earlier adolescent years. Furthermore, very little academic
research is devoted to developing a predictive model that can categorize adolescents as
high or low risk of CVD in adulthood. This research overcame the above-mentioned
limitations and developed an ML-based CVD risk predictor that considers a comprehensive
list of risk factors, including sociodemographic, socioeconomic, lifestyle, positive well-
being, depression, and stressful life events. Besides, the developed model in this research
applies to the adolescent population. This study also identified adolescents’ risk factors
that were significant for predicting long-term CVD risk. Moreover, this research is among
the first to provide the local and global interpretation uncovered by the black-box ML
model for predicting adulthood CVD risk using adolescent risk factors. Finally, several
implications are proposed based on our findings. For instance, the proposed model can be

used to plan for early interventions for individuals who are at high risk of developing CVD,
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which improves the quality of life, lowers healthcare costs, and reduces the demand for

cardiac care services later.

This dissertation also identified directions for future work relating to consultation length
prediction, AS design, and long-term CVD prediction. For consultation length study
(chapter 3), future research should repeat the study procedure across multiple clinics,
specialties, and locations to support the findings of this study. Second, the fields available
with the clinic under consideration were used to build the prediction model. Therefore, it
is plausible to have missed specific relevant predictors, such as medical reports and prior
test results. The creation of extended databases and standardization of the fields collected
across clinics would further enhance the capability of these ML algorithms. For the AS
design (chapter 4), we have identified the following research directions. First, the clinic
environments considered in this study can be extended to include other characteristics such
as multi-day scheduling horizon, walk-ins, and late arrivals. Furthermore, the impact of
accommodating patient preferences and defying sequencing decisions on AS efficiency can
be investigated to obtain managerial insights for practical implementation. Second, the
impact of integrating the ML-based predictions with existing scheduling approaches
developed for other clinical environments, such as multi-server clinics and multi-stage
multi-server environments, can be considered. Third, the proposed approach can be
extended to accommodate more than two patient classes. Finally, other approaches for
uncertainty prediction (e.g., stacked generalization) and sequential scheduling (e.g.,
Markov decision process) can be considered within the scope of the predict-then-schedule

framework. In terms of long-term CVD prediction study (chapter 5), future studies should
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validate our findings in other large-scale and longitudinal cohorts. In addition, the impact
of other risk factors, such as waist circumference, heart rate, and family history of CVD,

could be considered.
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