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ABSTRACT

MAINTAINING FAIRNESS IN STOCHASTIC
CHEMOTHERAPY SCHEDULING

Batuhan Celik
M.S. in Industrial Engineering
Advisor: Ozlem Karsu
Co-Advisor: Serhat Giil
June 2024

Chemotherapy scheduling is hard to manage under uncertainty in infusion dura-
tions, and focusing on expected performance measure values may lead to unfa-
vorable outcomes for some patients. We aim to design daily patient appointment
schedules considering fairness regarding patient waiting times. We propose using
a metric that encourages fairness and efficiency in waiting time allocations. To
optimize this metric, we formulate a two-stage stochastic mixed-integer nonlin-
ear programming model. We employ a binary search algorithm to identify an
optimal schedule, and then propose a modified binary search algorithm (MBSA)
to enhance computational capability. Moreover, to address stochastic feasibil-
ity problems at each MBSA iteration, we introduce a novel reduce-and-augment
algorithm that utilizes scenario set reduction and augmentation methods. We
use real data from a major oncology hospital to show the efficacy of MBSA. We
compare the schedules identified by MBSA with both the baseline schedules from
the oncology hospital and those generated by commonly employed scheduling
heuristics. We also compare our metric with a well-known inequity metric (the
Gini coefficient) and a Rawlsian-type welfare function. Finally, we highlight the
significance of considering uncertainty in infusion durations to maintain fairness

while creating appointment schedules.

Keywords: healthcare operations, chemotherapy, scheduling, fairness, stochastic

programming.
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OZET

RASSAL KEMOTERAPI QIZELGELEMESINDE
ADILLIGIN GOZETILMESI

Batuhan Celik
Endiistri Mihendisligi, Yiiksek Lisans
Tez Danigmani: Ozlem Karsu

Ikinci Tez Damsman: Serhat Giil
Haziran 2024

Kemoterapi randevu planlamasi, inflizyon stirelerindeki belirsizlik altinda
yonetilmesi zor olan bir konudur ve sadece beklenen performans 6l¢ii degerlerine
odaklanmak, bazi hastalar icin istenmeyen sonuclara yol acgabilir. Bu c¢aligma,
hasta bekleme siireleri acisindan adilligi dikkate alarak giinliik hasta randevu-
larin1 planlamay1 amaclamaktadir. Bu dogrultuda, verimlilik ve adilligi aym
anda gozeten Ozgiin bir 6lgek Onerilmis ve iki agsamali rassal karmagik tamsayih
dogrusal olmayan programlama modeli iginde encoklanmigtir. Olugturulan model
i¢in ikili arama algoritmasi1 geligtirilmistir. Bu algoritmanin her iterasyonunda
olugturulan rassal olurluluk problemlerini ¢ézmek icin, yeni bir azalt-ve-artir al-
goritmasi Onerilmistir. Senaryo azaltma yaklagimi, literatiirden gelen senaryo
azaltma teknikleri ile bir onkoloji hastanesinden gercek veriler kullanilarak
kargilagtirilmigtir. Algoritma ayrica yaygin olarak kullanilan bir dogrusal olmayan
programlama ¢oziiciisi ile karsilagtirilmgtir. Elde edilen cizelgeler problemin
baz alindigi hastanenin mevcut uygulamasi ve yaygin olarak kullanilan sezgisel
siralama yontemleri ile olugturulan ¢izelgelerle kiyaslanmig ve onerilen cizelgelerin
daha iyi performans gosterdigi gozlemlenmistir. Ayrica, Onerilen metrigin bilinen
bir esitsizlik metriginden (Gini katsayisi) ve Rawls tipi bir refah fonksiyonundan
farki incelenmigtir. Son olarak stokastik ¢oziimiin degeri hesaplanarak inflizyon

siirelerindeki belirsizligin 6nemi vurgulanmigtir.

Anahtar sozciikler: saglik hizmetleri operasyonlari, kemoterapi, ¢izelgeleme, adil-
lik, rassal programlama.
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Chapter 1

Introduction

There will be more than 2 million new cases of cancer diagnosed in the United
States in 2024, according to recent projections. However, despite the increase in
cancer prevalence, the mortality rate due to cancer has dropped by 33% from 1991
to 2021 [1]. This significant decline can largely be attributed to advances in cancer
treatment, which have led to an increased demand for outpatient chemotherapy
([2], [1]). The growing demand for outpatient chemotherapy clinics (OCCs) has
made it challenging for OCC directors to manage, therefore effective approaches
should be developed to create appointment schedules that meet the needs of both

providers and patients.

To create an efficient appointment schedule for a given day in an OCC, it is
crucial for the manager to carefully coordinate the resources required for premed-
ication and infusion activities, as they constitute the primary phases of patient
treatment. Prior to starting these activities, a patient is first seated on a chair.
The premedication process involves setting up a patient and administering drugs
to prevent potential side effects such as nausea and vomiting. Once the premed-
ication is completed, the infusion process begins, where the chemotherapy drugs
are delivered to the veins of the patient through an intravenous bag and catheter.
During the infusion process, controlling the patient and maintaining the precise

flow of medication is sufficient for the nurse. This allows the nurse to efficiently



manage multiple patients receiving treatment in chairs. However, the premedica-
tion process requires intensive nursing assistance, and therefore, a nurse can only

attend to the premedication of a single patient at a time.

The assessment of schedules in the OCC involves the consideration of con-
flicting metrics: nurse overtime and patient waiting time. To decrease operating
costs and boost nurse job satisfaction, it is essential to limit overtime. Reducing
patient waiting time is crucial to improve patient satisfaction levels. However,
creating better schedules to achieve both goals is a daunting task due to uncer-
tain infusion durations. Predicting these durations can be challenging because
chemotherapy drugs can damage healthy cells and cause side effects, leading to
early termination of treatment, slower administration, or changes in medication
plans. Such deviations from anticipated infusion durations can increase patient
waiting time if durations are underestimated during schedule creation or increase

nurse overtime if they are overestimated.

Expected waiting time is a commonly used criterion for evaluating patient
satisfaction level while accounting for uncertainty in infusion durations. However,
relying solely on this criterion can cause a notable disparity in waiting times
among patients and lead to inequitable chemotherapy schedules. Therefore, it is
crucial to consider an alternative criterion that can ensure fairness in schedules
to a certain degree and enhance patient experiences. To demonstrate the need
for a new criterion, we compare the patient waiting times associated with two
different schedules. We present the results for these two schedules in Tables 1a
and 1b, respectively. The tables report waiting times for four patients across four
infusion duration scenarios with equal probability of occurrence. Despite the
fact that the second schedule results in a higher total expected waiting time, the
waiting times of patients are within a narrower range. Table 1a shows that the
largest difference between the waiting times of two patients for a given scenario

is 100 minutes, while in Table 1b, this difference is reduced to 50 minutes.

Preventing the occurrence of excessive waiting time in outpatient clinics is
important because research suggests that the level of unpleasantness experienced

while waiting does not escalate proportionately with the duration of the waiting



Table 1.1: Waiting times for “hypothetical example #1” with 4 patients and 4
scenarios

(a) Schedule 1 (b) Schedule 2
Patient Average Patient Average
Scenario | 1 2 3 4 Scenario |1 2 3 4
1 100 0 0 0 |25 1 20 0 10 50|20
2 30 0 0 0 |75 2 20 0 10 10|10
3 0 0 10 0 |25 3 0O 0 10 10|5
4 0 0 0 30|75 4 20 0 5 10875

Expected Average 10.62 Expected Average 10.93

period ([3],[4]). Patients generally find waiting acceptable up to a certain limit
([5], [6]). According to Huang (1994) [7], outpatient clinic patients tend to be
reasonably satisfied with their waiting times, as long as it does not exceed 37
minutes. Patients may have even a higher waiting time threshold in situations
where they are receiving critical medical care. For instance, Lau et al. (2014)
[8] surveyed chemotherapy patients who visited their oncologist on the day of
treatment and found that 83% of patients were willing to wait for more than 30

minutes for chemotherapy treatment after the oncologist appointment.

In this study, we aim to prevent excessive waiting time and hence ensure
equitable scheduling of chemotherapy appointments. The motivation for incor-
porating fairness into chemotherapy scheduling arises from our observations at
a chemotherapy unit. For example, waiting time histograms from two randomly
chosen days in our dataset, available in the online appendix, indicate an unbal-
anced distribution of waiting times. This issue is further supported by discus-
sions with oncology unit staff, who consistently witness unbalanced waiting times
across patients. To achieve our goal, we propose a metric encouraging fairness
and efficiency and incorporate it into a two-stage stochastic mixed-integer non-
linear programming (SMINP) model. To the best of our knowledge, our study is
the first incorporating fairness in a chemotherapy scheduling setting. Using the
SMINP model, we sequence patients and set appointment times under uncertainty
in infusion durations for a given daily list of patients. We also assign patients to
nurses and chairs based on an optimal myopic policy. We maximize our proposed

metric in the objective function while imposing a restriction on nurse overtime.
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Our approach to addressing the nonlinear constraints in the SMINP model in-
volves using a modified version of the binary search algorithm (MBSA). While
this algorithm effectively omits these constraints, it then solves stochastic feasi-
bility problems at each iteration. To solve these problems, we introduce a novel
reduce-and-augment algorithm. This approach first reduces the original scenario
set to a smaller size and then iteratively augments the scenario set until a feasi-
ble solution is found. We test multiple variants of scenario reduction algorithms
for the first step of the reduce-and-augment algorithm. To test the effectiveness
of the MBSA, we compare it with a commercial nonlinear programming solver.
Additionally, we analyze the MBSA solutions and compare them with the base-
line schedules and those obtained by commonly employed scheduling heuristics.

Finally, we measure the value of the stochastic solution.



Chapter 2

Literature Review

The literature review is composed of three distinct sets of articles. The first set
pertains to chemotherapy scheduling, while the second and third sets focus on
robust optimization and fairness issues in general outpatient scheduling, respec-
tively. For a comprehensive review of chemotherapy scheduling studies, we refer
the reader to the works of Lam‘e et al. (2016) [9] and Hadid et al. (2022) [10].

2.1 Chemotherapy scheduling

The chemotherapy scheduling studies in the literature can be categorized based
on the setting considered as deterministic and stochastic. The ones considering
deterministic problems can be further classified based on the decisions made:
some studies study planning and scheduling decisions while others solely focus on

scheduling.

Turkcan et al. (2012) [11] formulate two separate models for planning and
appointment scheduling. The planning model considers resource utilization while
the scheduling model assigns the patients to slots to minimize completion time.
Hooshangi-Tabrizi et al. (2020) [12] develop a single model for planning and

scheduling, then reschedule the daily appointment times with a secondary model.
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Cataldo et al. (2023) [13] develop a heuristic approach for planning and then solve
successive models to make daily nurse, chair, and time slot assignments. The first
model minimizes the makespan; the second model minimizes the treatment start

times under a given makespan.

Another group of studies focus on daily appointment schedules only. Liang and
Turkcan (2015) [14] propose models for primary and functional care treatment
schemes. In their setting, the nurse is the only resource and has capacity in
terms of total acuity levels that s/he can serve. Heshmat et al.(2018) [15] cluster
patient-chair pairs using clustering algorithms, then assign clusters to nurses with
a mixed-integer programming (MIP) model to minimize the makespan. Hesaraki
et al. (2020) [16] assign patients to nurses and time slots such that the first slot

covers the set-up.

Benzaid et al. (2020) [17] solve a series of problems, where the first problem
chooses patients and sets appointments for a single day and the second problem
assigns nurses to the selected patients. Lyon et al. (2023) [18] propose a column-
generation method in which each column represents a patient pattern filling time
slots. Their primary objective is to minimize the overtime, whereas minimizing

the empty slots in a pattern is the secondary objective.

A key difference between our study and the aforementioned studies is that we
take the uncertainty of infusion durations into account, which positions our work
in chemotherapy scheduling under the stochastic setting. Next, we discuss the

pertinent studies and the specific distinctions between each study and ours.

Alvarado and Ntaimo (2018) [19] and Hesaraki et al. (2023) [20] study both
planning and appointment scheduling. Since this two-phase problem is hard to
manage, they simplify it in different aspects. Alvarado and Ntaimo (2018) [19]
formulate a mean-risk stochastic programming (SP) model for a single patient.
Unlike Alvarado and Ntaimo (2018) [19], we schedule multiple patients based
on a given plan. Hesaraki et al. (2023) [20] develop a heuristic solution, where
appointments are forced to fit a fixed template, and test the performance using

a simulation model.



There are also a number of studies on scheduling appointments only. Mandel-
baum et al. (2020) [21] suggest a data-driven approach for a problem where the
chairs are considered as the only resource type. We, however, include nurses in
the system and schedule, abiding by an upper limit on their overtime. Castaing
et al. (2016) [22] set appointment times under a given sequence served by a single
nurse, aiming to minimize the expected total waiting time and makespan. Our
study considers multiple nurses and decides the sequence of patients as well as
nurse assignments. Hahn-Goldberg et al.(2014) [23] propose a constraint pro-

gramming approach to schedule appointments under arrival uncertainty.

Slocum et al. (2021) [24] apply a case study in a system where all patients are
appointed at the beginning of the day. They propose three appointment slots
and assign patients according to their expected infusion duration. Our study
introduces an optimization approach that sets an appointment for each patient
individually rather than at predetermined times. Slocum et al. (2021) [24]’s
schedule is similar to the baseline schedule of the system we work on; hence our
study is different. Liang et al. (2015) [25] formulate a deterministic scheduling
model to balance the workload of resources, then solve the problem with different
objectives and fix different decisions in each phase. Slocum et al. (2021) [24]
and Liang et al. (2015) [25] test the performance of the schedule using discrete
stochastic event simulation. Yet, the decision processes in both studies ignore the

uncertainty.

Gul (2021) [26] carries Castaing et al. (2016) [22]’s study further by adding
multiple nurses. In their setting, the sequence is always fixed, and the objective
is the expected value of total waiting and nurse overtime. Haghi et al. (2022)
[27] model the scheduling problem with two different formulations, where the
first is a scheduling formulation and the second is multi-TSP formulation. They
use sample average approximation (SAA) scheme to find an approximation for
the expected value of the objective function. The expected recourse function is
approximated by Monte Carlo simulation. Our study differs from Gul (2021)
[26] and Haghi et al. (2022) [27] in two key aspects: resource allocation decisions
and model objective. We consider fairness issues and decide on nurse and chair

assignments after patients arrive to the OCC (i.e., in the second stage). Our
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allocation policy aligns the model with actual practice.

Demir et al. (2021) [28] schedule patient appointments by minimizing the
weighted averages of patient waiting time, chair idle time, and nurse overtime.
Linearized progressive hedging algorithm is proposed to obtain a good-quality
solution in reasonable time. Karakaya et al. (2023) [29] is an extension to Demir
et al. (2021) [28] and treat nurses as distinct based on their varying skills and
patients with their acuity levels; hence, they assign patients to nurses in the
first stage. To solve their problem, Karakaya et al. (2023) [29] develop a sce-
nario grouping-based decomposition method that groups scenarios randomly. Gul
(2023) [30] investigates how the flexibility in patient-to-nurse assignment policies
influences waiting time and overtime. Similar to Karakaya et al. (2023) [29],
they develop a decomposition heuristic based on scenario grouping. However,
these scenario groups are created through input-based, solution-based, and ran-
dom grouping methodologies. In terms of the behavior of the nurses, our study
is closer to the setting dealt in [28]. The primary distinction in our study from
28], [29] and [30] lies in our approach to the stochastic chemotherapy scheduling
problem. We adopt a risk/inequity-averse perspective, introducing a metric that
penalizes excess waiting and inequity among patient waiting times. Another sig-
nificant difference is that we address a nonlinear SP model instead of a linear SP.

Lastly, we develop an exact solution method for our model.

2.2 Robust optimization in outpatient appoint-

ment scheduling

Two commonly used methods to address uncertainty in optimization problems
are stochastic programming and robust optimization. The former is preferred
when there is information on the uncertain data while the former is used in
the absence of such information. Robust optimization addresses this lack of
information by focusing on the extreme cases of the system. As [31] is the only

article on chemotherapy scheduling that formulates a robust optimization model,



we also review relevant articles from general outpatient appointment scheduling

in this subsection.

For general outpatient appointment scheduling problem with uncertain ser-
vice quality, Behnamian and Gharabaghli (2023) [32] formulate a multi-objective
robust optimization model that maximizes the minimum service quality and min-
imizes the server costs. They propose a multi-objective particle swarm optimiza-
tion algorithm to solve this problem. Gao et al. (2022) [33] formulate a determin-
istic model to determine the amount of resources and appointment allocations
to these resources. Then, they propose a robust optimization model to mini-
mize resource costs while ensuring that all patients are served even under the
worst-case scenario. Shehadeh et al.(2020) [34] studies distributionally robust
outpatient colonoscopy scheduling problems. They assume that treatment du-
ration may come from two different distributions based on random preparation
quality. They minimize patient waiting time, resource idle time, and overtime.
A recent example using a robust programming approach for chemotherapy plan-
ning and appointment scheduling is Issabakhsh et al. (2021) [31], which propose
a robust slack allocation model and a robust scheduling heuristic to solve small

and large-size instances, respectively.

In this study, we address the uncertainty in our problem using a stochastic
programming setting. Our approach also considers extreme outcomes by utiliz-
ing a metric that controls the waiting time distribution over patients across all
scenarios, ensuring that the schedule is fair and efficient even under the worst

case, as will be explained in Section 3.

2.3 Fairness in general outpatient scheduling

Fairness has been increasingly considered in the Operations Research area so as
to find applicable and acceptable solutions in various real-life systems. Most de-
cision problems arising in public policy, healthcare and humanitarian domains

require consideration of fairness concerns for the users and the service providers



[35]. As chemotherapy scheduling problems lie in the area of outpatient schedul-
ing, we discuss studies handling fairness in general outpatient scheduling settings.
Fairness, being intrinsic to healthcare provision, should be considered in appoint-
ment systems related to healthcare ([36], [37], and [38]). Yet, few papers focus
on addressing fairness concerns in appointment scheduling problems, as stated in
[6]. Some recent works are [39], [6] and [40].

Turkcan et al. (2011) [39] schedule the appointments in slots considering two
unfairness measures under service level constraints. The first is the difference in
the number of patients at the beginning of each slot compared to the previous one,
and the second is the difference in expected waiting times of patients in each slot.
The authors provide a sequential appointment decision algorithm that minimizes
the unfairness and maximizes the revenue for a given service level. Unlike this
study, we assign the patients simultaneously to multiple servers and do not have

fixed slots.

Qi (2017) [6] focuses on a single-phase, single-server setting, and introduces a
new metric called Delay Unpleasantness Measure (DUM) based on CVaR. While
our metric also draws inspiration from CVaR, it diverges from DUM by focus-
ing on preventing excessive patient waiting times in each scenario rather than

preventing excessive scenario outcomes for each patient.

Benjaafar et al. (2023) [40] schedules patients considering server idle time and
customer waiting time. They set patient-wise service level constraints to limit
the expected waiting time, then optimize the expected idle time. They set a
higher utility cost for waiting time above a certain threshold and bring fairness
perspective using a patient-wise approach. Compared to this study, we bound
the server (nurse) overtime and optimize our proposed metric which limits the
extreme outcomes. In terms of solution approaches, while Benjaafar et al. (2023)
[40] schedules a single-server system by setting appointment times sequentially,

we schedule patients simultaneously for a multi-server system.

The literature review demonstrates that our research stands as the first study

in integrating fairness considerations within a chemotherapy scheduling setting.
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Chapter 3

Problem Formulation

In this section, we provide an SMINP formulation for the stochastic chemotherapy
scheduling problem. Before presenting the model details, we explain the method

we propose to ensure equity in waiting times of patients.

3.1 An equity and efficiency encouraging metric

We propose using an equity and efficiency encouraging metric (EEEM) that draws
inspiration from CVaR, which is a widely used spectral measure. Let W be
a random variable describing the outcome of an environment with uncertainty.
If smaller values of W are desirable, for a given confidence level o, CVaR is
as follows: CVaR,(W) = min,{n + =E([W — n];)}. This is a minimization
problem, where the optimality is attained at a specific value of n, called Value
at Risk (VaR) and given as VaR,(W) = min{n : Fw(n) > a}. Equivalently,
CVaR can be represented by its LP dual as CVaR,(W) = fal VaRs(W) d§.
According to the last formulation, CVaR indicates the weighted average of the
least preferred outcomes in a distribution. In other words, for random variable
W with confidence level a;; CVaR,, (W) measures the risk of W as the severity of
the realizations worse than VaR, (W), which occurs with probability (1 — «).

11



In our setting, minimizing CVaR translates to minimizing excessive waiting
times among scenario outcomes for a single patient. However, we are interested

in waiting times of multiple patients.

Noyan (2018) [41] discusses multi-variate CVaR case in detail and presents
stochastic dominance relations for the setting. A typical aggregate measure for
such a setting is the weighted average of CVaR of multiple random variables
[42]. In our context, adopting this approach could assist in assessing excessive
waiting times among scenario outcomes for individual patients and minimizing
the weighted average of those waiting times across all patients. However, it is
important to note that this approach may overlook the probability of the co-
occurrence of the worst cases in a given scenario. To prevent this, we aim to

maintain equity among patients in an arbitrary scenario.

Table 3.1 shows the waiting time values associated with two hypothetical sched-
ules, each designed for four patients and assessed under four scenarios. When the
waiting times of each patient are viewed as random variables, the distributions of
random variables are clearly identical for a given patient in both schedules. Thus,
the CVaR value for a given patient in Schedule 1 is the same as that in Schedule
2. However, if Scenario 1 is realized, Schedule 1 would lead to the worst cases of
waiting times for three patients. Yet, the classical approach of minimizing CVaR

values treats these two schedules as equivalent.

Table 3.1: Waiting times for “hypothetical example #2” with 4 patients and 4
scenarios

(a) Schedule 1 (b) Schedule 2
Patients Patients
Scenario | 1 2 3 4 Scenario |1 2 3 4
1 30 0 35 75 1 15 0 15 75
2 15 0 10 0 2 30 0 5 0
3 10 0 5 0 3 20 0 10 10
4 20 0 15 10 4 10 0 35 O

Accordingly, we develop a quantitative measure called EEEM as follows:

EEEM = inf cq(a®) which satisfies the following set of inequalities for given

12



bound 7 over the set of scenarios €.

nY + m;m/f ¥l <71, Ywe
In this approach, EEEM denotes the percentile up to which patients are protected
against unacceptable waiting times. In simple terms, our approach differs from
the classical CVaR minimization method in the following manner: The traditional
approach minimizes the weighted average of (1 — a) of the highest waiting times
across all scenarios for a specified confidence level a. In contrast, our approach
aims to maximize the confidence level a (EEEM) to ensure that the weighted
average of waiting times for (1 — a) of the longest waiting patients does not

exceed a predetermined upper limit in each scenario.

Recall the two example problems illustrated in Tables 1.1 and 3.1; let 7 = 50.
In the first example (Table 1.1), EEEM values of the schedules are 0.5 and 1,
respectively. The second schedule results in fairer waiting time realizations across
all scenarios compared to the first one and our metric captures this difference.
Similarly in the second example (Table 3.1), EEEM values are 0.375 and 0.571,

indicating that our proposed metric can distinguish these outcomes.

Our focus is on achieving high fairness while maintaining a desired level of
service performance. The 7 parameter in EEEM helps the decision maker to
control efficiency of the schedule, i.e. the total waiting time, by enforcing a
threshold for the weighted average waiting time across all possible scenarios. Note
that this is not possible when one employs inequality measures to incorporate
fairness in the schedule design as they quantify the degree of spread, regardless

of the total amount allocated.

To demonstrate the difference between EEEM and an inequality measure, we
provide four samples in Table 3.2, in which we compare EEEM with the Gini
coefficient, which is a well-known inequality measure. Note that the higher the
values of EEEM and (1-Gini), the better. We show four possible cases that can

be observed depending on the problem structure.
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Case 1: A single patient waits for 2 minutes, 1-Gini of the schedule is
0.125, indicating the highest level of unfairness for an 8-patient system.

Conversely, EEEM is 1 since all patients wait less than the 7 threshold.

Case 2: The total waiting time is again allocated to a single patient; there-
fore 1-Gini remains 0.125. However, EEEM decreases as it captures the
increase in total waiting time. This highlights that as the total waiting

time increases, the fairness of the distribution becomes more significant for
EEEM.

Case 3: A schedule in which each patient waits for an equal duration is
totally fair, hence 1-Gini is 1 in this case. However, this is an undesir-
able outcome for EEEM. When all of the patients are dissatisfied with the

waiting times, equity becomes unimportant.

Case j: In this case, the total waiting time is 35, as in case 2, but the distri-
bution of waiting times among patients is more equitable. This distinction
can be observed in both 1-Gini and EEEM values.

Table 3.2: EEEM with 7 = 10 and 1-Gini for “hypothetical example #3”

patient waiting time
Schedules | EEEM | 1-Gini | 1 | 2 | 3 | 4 | 5 | 6 | 7| 8
1 1 0125 | OO | OO0 |2 101]071]0
2 0563 | 0125 [ 35| 0| 0| 0] 000710
3 0 1 50 | 50 | 50 | 50 | 50 | 50 | 50 | 50
4 0672 | 0255 | 0| 0| 8| 7]0]0/[15]5

In Table 3.3, we present the appointment times for two different schedules and
the resulting waiting times under three scenarios. The table shows that Schedule
1 is preferable over Schedule 2 in terms of EEEM, while Schedule 2 is preferable

over Schedule 1 in terms of the 1-Gini.

First, let us analyze how these metrics change across scenarios when Schedule
1 is implemented. Scenario 3 demonstrates a superior o and 1 — Gini” scores
than Scenario 2 despite having a longer total waiting time. This is because

both metrics consider fairness. In Scenarios 1 and 2, where all waiting times are
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attributed to a single patient, equity, as indicated by the 1-Gini, is at its lowest.
When we compare these scenarios with respect to EEEM, we see that Scenario 2

has lower o*, highlighting the influence of efficiency on the metric.

Schedule 2 has a better 1-Gini score than Schedule 1 as the waiting times
are distributed more evenly among patients. Note that this metric ignores the
increase in total waiting times: the waiting times are drastically higher compared
to Schedule 1. EEEM, however, captures this decrease in efficiency. o* value is 0
in every scenario, even in Scenario 1, where the total waiting time is distributed
equally among most of the patients. Overall, this significant difference between
EEEM and Gini comes from their approaches while assessing the schedule. While
Gini only checks the distribution of the waiting times over patients, EEEM checks
the sum of waiting times as well as their distribution. In a chemotherapy setting,
EEEM has the advantage over Gini to create both efficient and fair schedules.

Table 3.3: EEEM with 7 = 10 and 1-Gini for “numerical example”

Infusion Durations Schedule 1 Waiting Times Schedule 2 Waiting Times
w=1]w=2]w=3| appointment times | w=1 | w =2 | w =3 | appointment times | w=1|w=2|w=3
120 120 63 15 0 17 0 56 20 37 7
20 39 46 0 0 0 0 0 0 0 0
200 173 141 195 0 0 0 156 20 35 0
180 176 139 0 0 0 0 0 0 0 0
20 63 33 15 0 0 0 15 0 0 0
180 199 174 194 1 0 0 150 20 28 0
126 109 165 54 0 0 7 15 20 39 46
109 98 104 230 0 0 11 175 20 53 66
1 — Gini¥ 0.125 | 0.125 | 0.223 1 — Gini® 0.625 | 0.555 | 0.21

v 1 0.788 | 0.834 a® 0 0 0

3.2 Problem description and model formulation

We focus on the problem of sequencing patients and setting appointment times
under uncertain infusion durations for a daily list of treatments. We assign pa-
tients to nurses and chairs based on an optimal myopic policy. Our goal is to
maximize EEEM while ensuring nurses do not exceed overtime restrictions. Since
using the EEEM involves nonlinear functions, we propose a two-stage stochastic

mixed-integer nonlinear programming (SMINP) model to study the problem.
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In the first stage of the model, patient sequencing and appointment time set-
ting decisions are made without perfect information on infusion durations. Our
dataset supports the incorporation of uncertainty regarding infusion durations
(see Section 5.1 for details). The durations of premedication are assumed to be
constant for all patients, as supported by the tight confidence interval estimated
based on the same data set. In each realization of infusion duration scenarios,
second-stage decisions are made. In this stage, patients are assigned to nurses and
chairs, and nurse overtimes, patient waiting times, and EEEM values associated

with each scenario are calculated.

Patients are assumed to be punctual, meaning they arrive precisely at their
scheduled appointment times ([22, 28, 29]). Consequently, patient waiting time is
defined as the time elapsed between the actual start of chemotherapy treatment
and the scheduled appointment time for the patient. A patient waits for the
treatment until a chair and a nurse become available. When there are multiple
patients waiting, the priority is given to the patient who arrives the earliest.
In other words, if a patient is scheduled to arrive later than another patient,
the chemotherapy treatment of the patient cannot start earlier than that of the

preceding patient in the arrival sequence ([28]).

All nurses possess identical skills, and the chairs available in the OCC are also
identical. It follows that any patient can be assigned to any available nurse and
chair within the clinic. In other words, functional care delivery is considered in

terms of nursing care delivery scheme ([14]).

At the initial phase of the treatment, patients demand close nursing attention.
Therefore, a nurse can serve one patient at a time during the premedication phase.
On the other hand, they can monitor multiple patients during the infusion phase.
Since their primary task during this phase is to ensure precise drug flow, they
can even monitor multiple infusions while managing a patient’s premedication.
In addition, a nurse can be attending to at most four patients at a time (see
also [22] for the same observation). However, we do not explicitly limit the
number of patients that can be monitored by a nurse during the infusion phase.

The OCC is organized into treatment rooms, with each room accommodating a
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specific number of chairs and nurses. In the OCC we studied, rooms typically
have either three or four chairs, and each room is managed by two nurses who
oversee the cases. The ratio of chairs to nurses in a room is carefully managed by
OCC management to maintain high-quality treatment. These limits, along with
constant premedication durations, ensure that a nurse’s workload never exceeds

the generally recommended limit of 4 patients at any given time.

Based on the above description, and the notation in Table 3.4, we propose
the following SMINP formulation, aiming to create a schedule with the highest
EEEM.
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Table 3.4: Notation used throughout the two-stage SMINP model

Index sets

I Patients
C Chairs
Q Scenarios
N Nurses
Parameters
S Pre-medication time
e Infusion time of patient ¢ € I in scenario w € €2
H Shift duration of nurses
L Overtime limit of nurses
M A large value
T Waiting time threshold
First-stage decision variables
EEEM
b _J 1, if patient i € I precedes patient j € I in the daily appointment list
y B 0, otherwise

a; Appointment time of patient ¢ € I

Second-stage decision variables

w _J 1, if patient i € I is assigned to nurse n € N in scenario w € {2
Fin B 0, otherwise

" ~J 1, if patient i € I is assigned to chair ¢ € C in scenario w € €
Yie B 0, otherwise
wy Waiting time of patient i € I in scenario w € €2

ov Overtime of nurse n € N in scenario w € )

qy Auxiliary variable for EEEM calculations associated with patient i € T
in scenario w € €2

n“ Value at risk for scenario w € €

a(JJ
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max  EEEM (3.1)
st. by +by=1 Vi,jel,j>i (3.2)
a; > a; — M (1 — by) Vi,jel,j#i (3.3)

a; < H Vi (3.4)

EEEM € [0,1) (3.5)

b; € {0,1} Vi,jel,j#i (3.6)

a; € 7T Vi (3.7)

(a,b, EEEM, £ (w)) € Z(w) Vw € Q (3.8)

where Z(w) represents the feasibility set in the second stage scenario w, and is

described as:

19



sty ap =1 Viel (3.9)

neN
> =1 Viel (3.10)
ceC
aj +w$ > a; +wy — M(1—by) Vi,jel,j#i (3.11)
ajtw; > aqtwy+s-M(3—by—a5,—a5,) Vi, jel,j#i,Vne N (3.12)
aj+wi > aitwy +s+t7 =M (3—by—yi—y;.) Vi, j € I,j#i,Yee C (3.13)
0¥ <L YneN (3.14)
04 >a;+wf+s+ty —H—M(1—a5,) VieI,ne N (3.15)
g = wi — 77“ Viel (3.16)
™+ T e qu <r (3.17)
EEEM < o (3.18)
zy € {0,1} Viel,ne N (3.19)
ye €40,1} Viel,ceC (3.20)
o €0,1) (3.21)
wyi, g >0 Viel (3.22)
n“ >0 (3.23)
0¥ >0 VneN (3.24)

The objective function (F.1) maximizes the first-stage return which corre-

sponds to the EEEM value that is guaranteed across all scenarios.

Constraint sets (3.2)-(3.7) are the first-stage constraints. Constraints (3.2)
ensure that one must precede the other for each pair of patients. Constraint set
(3.3) enforces the succeeding patient in the sequence not to arrive earlier than
its predecessors. Constraint (3.4) sets the boundary for appointment times and
ensures that the patients arrive within the shift hours. Constraint (3.5) represents
the bounds of our measure. Constraints (3.6) and (3.7) are binary and integrality

restrictions on the first-stage variables, respectively.
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Note that our problem is a special type of two-stage stochastic programming
problem where the second-stage objective function for given first-stage decision
variables and a particular scenario is 0 as our second-stage problem is a feasibility

problem.

Constraints (3.9) and (3.10) restrict each patient to be explicitly assigned to
one nurse and one chair, respectively. Constraints (3.11) and (3.13) satisfy the
scenario-wise precedence relations. For a patient pair i, 5 € S, if patient ¢ arrives
earlier according to patient sequence, (3.11) guarantees the pre-medication start
time of patient j is greater than or equal to that of patient i. (3.12) assures that
patient j € S waits for the pre-medication of patient ¢ € S to finish, in case both
are assigned to the same nurse. Similarly, if patients 7, j € S are assigned to the
same chair, (3.13) guarantees the infusion of patient i ends before pre-medication

of patient j starts.

Constraints (3.14) and (3.15) set upper and lower bounds for overtime values.
Upper bound is a predetermined bound given by the OCC manager. The lower
bound is determined by the positive difference between the time when the service

of a patient assigned to the nurse finishes and the end of the nurse’s shift.

Fairness requirements are defined by constraints (3.16) and (3.17). (3.16)
calculates the positive part of w¥ — n“ where n* corresponds to VaR of a*. ¢
taking value 0 for some 7, w indicates that patient ¢ waits less than 7 in scenario
w, hence they do not contribute to the LHS of constraint (3.17) for that scenario.
Positive values of ¢ are the excess waiting times, which are to be kept low.
Constraints (3.17) calculate the weighted average of the excessive waiting times
over patients for each scenario and limits it by the threshold set by the OCC
manager. (3.18) defines the objective value, EEEM, as the infimum of o over
scenario set (2. Lastly, constraints (3.19)-(3.24) define non-negativity and binary

restrictions on the second-stage variables.

By incorporating the nurse and chair assignment decisions in the second stage,
our process aligns with the practical approach where patients are assigned to

a chair and a nurse after their arrival at the OCC. This decision is preferred
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over making assignment decisions while setting appointment times, as it would
lead to poorer performance measures given the identical nature of nurses and
chairs. In practice, assignment decisions are made dynamically whenever a chair
and a nurse become available. Although the decisions are dynamic, our problem
does not necessitate a multi-stage SP formulation. The validity of using a two-
stage SP formulation is justified by the rule represented by constraint (3.11),
which is followed in actual practice. This constraint ensures that the patient
arrival sequence remains unchanged when making treatment start decisions, as
the urgency levels of arriving patients do not vary. Consequently, whenever the
resources become available, the treatment of a waiting patient must commence
immediately to enhance schedule efficiency. Therefore, we state the following

proposition, whose proof is provided in the online Appendix.

Proposition 1 Suppose that a feasible second-stage solution exists for a given
set of first-stage variable values, and that patient © € I arrived the earliest among
the ready patients. Setting x5, and yf. such that n € N is the first available nurse

and ¢ € C' is the first available chair results in a feasible second-stage solution.

Proposition 1 highlights that a myopic policy is suitable for chair and nurse
assignment decisions, implying that the infusion durations of future patients do
not affect resource assignment decisions. Consequently, we independently make

those decisions for each scenario at the second stage of the SMINP formulation.

3.3 Model improvement

We use the following cuts so as to reduce solution time of the problem.

Symmetry breaking for chairs: Since the chairs are identical, SMINP has
symmetric solutions that only differ with respect to the chair index. In order
to break this symmetry, we use an optimal myopic assignment policy as follows:

We enforce patient 1 to be assigned to chair 1 (constraint (3.25)). Any patient
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i:2 <i<|C| can be assigned to only chair ¢ : ¢ < i. Therefore, we prevent the

assignment of patient i to chairs i + 1 through |C| (constraint (3.26)).

yr =1 Vw € Q (3.25)
Y =0 VieI,Vee C)1 <i<c,VweQ (3.26)

Appointment time fixing: We incorporate optimality cuts by exploiting
some properties that an optimal solution must satisfy. Regardless of the difference
in infusion durations over scenarios or instances, there are certain conclusions
about the appointment times of some patients in the optimal solution of our

model, which can be incorporated into the model as optimality cuts.

In a realistic environment, the number of chairs |C] is larger than the number
of nurses |N|, as a nurse can monitor multiple infusions at a time. This makes it
possible to pre-assign the appointment times of the first |C| patients in batches.
For example, in a setting with 10 patients, 5 chairs, and 2 nurses: setting the first
two patients’ appointment times to 0 frees up nurses and chairs early. Recall that
the premedication duration is constant and is denoted by s. Hence if the next two
patients arrive at time s, 3 chairs would be available, and the nurses would have
finished premedications of the previous patients. Similarly, for the fifth patient,
the earliest appointment time without waiting would be 2s. Note that in this
example, uncertainty in infusion times prevents pre-assigning an appointment
time for the 6th patient. However, in the optimistic scenario, the first patient
leaves at s + t,,:,, where t,,;, represents the minimum infusion duration over all
patients and scenarios. This would be a lower bound for the optimal arrival times
of the last five patients. To generalize, let |C| = k|N| +1, k,l € Z*,l < |N|. We
can appoint the first |C| patients to k+ 1 distinct appointment times. Let the set
of patients with the same appointment times be I,,, = {(m—1)|N|+1, (m—1)|N|+
2,...,m|N|} form=1,.. k, and Iy, = {(k)|N|+1, (k)|N|+2,...,|C|}. Then the
appointment times of the patients in I,,, are (m—1)s, m =1, ..., k+ 1. Lastly, we
enforce the remaining patients to arrive no earlier than time s+t,,;,. Despite the
potential identification of tighter arrival time limits for patients treated at later

time periods, our preliminary analysis indicates that enforcing the same limit
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for each patient yields similar improvements in solution time as that approach.

By defining a new auxiliary binary first-stage variable, 0,,;, representing whether

patient i belongs to batch m; we represent these cuts through equations (3.27)-

(3.40).

a; < M6y,

> b= (| = IN| = 1) < M(1 - 6y)
JhiFi

a; — (m—1)s < M0,,;

(m —1)s—ai§M9mi

> by = (1] = (m = DIN| = 1) < MOy,

J,gFi
J.J#
(1 =1c]) = Z bij < MOy,
JrJ#i

S+ tmin — @i < MOpyo;

(1] —1C1) — Z bij < M(1 = Op2,)
Jij#t

Z Opi = k + 1

Omi € {0,1}

viel (3.27)
Viel (3.28)

Viel (3.29)
Vi eI (3.30)
Viel,m=2,..k+1 (3.31)

Viel,m=2,..k (3.32)
Vie I, (3.33)

Vie I (3.34)
Vi e I (3.35)

Vie I (3.36)
m=1,...k (3.37)
(3.39)

(3.39)

m=1,..k+2Viel (3.40)

Constraint (3.27) fixes the appointment times of the first batch of patients.
Similarly, (3.29) and (3.30) set the appointment times of batches 2 through k +
1. Cuts (3.34) and (3.35) define a lower bound for appointment times of the
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remaining patients. Lastly, (3.28),(3.31)-(3.32), and (3.36)-(3.38) assign patients

to batches based on the patient sequencing decisions.

Symmetry breaking for nurse overtime: Similar to chairs, nurses are
identical. Hence, we can add cuts for z%, variables in a way that is similar to
(3.25) and (3.26). Furthermore, we can break symmetric solutions on O¥ variables
by ordering the nurses in descending order of overtime. However, adding any of
these two cuts makes the nurses distinct. Thus, they are mutually exclusive; we
add (3.41) based on our preliminary analysis.

O, —0y;.,>0 Vn € N,n # |N|,Vw € Q (3.41)

n

Lower bound for overtime of nurse 1: A nurse works until the latest
chair s/he serves is released. Hereby, the highest nurse overtime equals to the
latest closure time of chairs minus the regular shift length. The total operation
duration of all patients is ), t¥ 4 |I|s for a given scenario. Furthermore, based
on the information from the appointment time fixing cut, the total idle time is
at least (3¢ _, (m — 1)|N| +m(|C| — k|N|))s. Consider an ideal case where the
total operation and idle durations are distributed equally over chairs. The closure
time in this ideal case is a lower bound to the highest nurse overtime, which is

O due to constraint (3.41). Hence, we obtain constraint (3.42).

+ (] + Yy (m = DIN| +m(|C] — KINI))s
€l

i v
0%+ i > 2l Vw e Q (3.42)
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Chapter 4

Solution Algorithm

Note that the model is a nonlinear SP problem, which makes it hard to solve.
One commonly used method to solve SP problems is using decomposition algo-
rithms. Yet, if the recourse type is not complete or relatively complete, then
these algorithms may not converge to a solution with a feasible recourse for every
scenario. Moreover, although it is possible to solve the model using a non-linear
solver, it is not sufficiently practical for this specific problem, as we show in the

computational experiments.

Considering the inherent complexity of the problem, we propose a binary search
algorithm (BSA) over the possible range of EEEM values, i.e. [0,1) in Section 4.1.
This approach relies on the fact that SMINP reduces to a feasibility problem for a
given value of EEEM, necessitating to solve it repetitively. However, solving the
feasibility problem itself proves to be challenging, even with a moderate number

of scenarios. Therefore, we introduce an enhanced version of BSA in Section 4.2.

4.1 Binary search algorithm

Binary search algorithm (BSA) is a search algorithm to find the location of a

point. It can locate the target point with a specified precision if the starting
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search space is continuous, by reducing the search space to half of its previous size

at each iteration. Due to this feature of the algorithm, it is a logarithmic search

Initial size of the search space )
Absolute gap for specified precision /"

method, and the number of iterations needed is logs(

In our problem, the target point EEEM* is defined between [0,1). Hence,
we first check whether the problem is feasible for EEEM= 0.5. If it is feasible
(resp. infeasible) we update the range as [0.5,1) (resp. [0,0.5)). We iteratively
solve these feasibility problems until the precision for the optimal point, i.e. the
absolute gap, is less than 0.001. To achieve this precision, we need to check
exactly 10 different EEEM values to find EEEM*. The pseudo-code of BSA for

our problem is given in the online Appendix.

4.2 Modified binary search algorithm

We modify BSA by implementing numerous procedures to enhance its computa-
tional capabilities and propose the Modified Binary Search Algorithm (MBSA).
BSA finds the optimal solution of the nonlinear problem by solving a series of lin-
ear feasibility models, eliminating the computational burden of solving a nonlinear
model. However, the feasibility models are still hard to solve. To address this, we
introduce a novel algorithm within MBSA called the “reduce-and-augment” algo-
rithm. This algorithm employs a two-step approach, starting with the reduction
of the original scenario set to a smaller size, followed by iterative augmentation
until a feasible solution is obtained for the original problem. The first step (sce-
nario reduction) helps in identifying a feasible solution that satisfies the reduced
problem’s constraints. To facilitate this process, we put forth various variants
of scenario reduction algorithms. However, the ultimate goal is to ensure that
the feasible solution of the reduced problem also translates to feasibility for the
original problem at hand. Hence, through the iterative augmentation process, we
gradually expand the scenario set to find a solution which is also feasible for the

original problem.
The MBSA incorporates further enhancements compared to the BSA. As the
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feasibility problems in different iterations remain largely similar, with the excep-
tion of the fixed EEEM value, we leverage this similarity to utilize the information
generated at a particular iteration for subsequent iterations. Moreover, instead of
testing only the middle point at each iteration as done in the BSA, we selectively
test different points based on specific conditions in the MBSA. This conditional
selection method (CSM) enhances the exploration of the search space, enabling
us to find solutions more effectively. An important distinction in this modified
approach is that the number of iterations required to solve an instance is not con-
stant. It improves the solution time of extremely difficult instances by sacrificing
from easier ones. For a more comprehensive understanding of these modifications,
we provide detailed explanations in subsequent subsections. The pseudocode of
the MBSA is provided in Algorithm 1.

4.2.1 Reduce-and-augment algorithm

In this section, we explain the reduce-and-augment algorithm that we use to solve
the feasibility problems obtained by fixing EEEM. The algorithm is a two-phase
approach that initially reduces the problem by choosing a subset of the scenario
set and then augments it by adding scenarios until MBSA can generalize the

result of the reduced problem for the original problem.

Reduction is implemented after the Initialization step of the MBSA. Since the
procedure is built around the initial reduced problem, the quality of this problem
is prominent in the computational efficiency of MBSA. The scenarios selected
for the initial reduced problem should be a highly representative subset of the
original set of scenarios so that MBSA terminates with minimum augmentation.
After all, the augmentation phase aims to increase the representation capability

of the reduced problem by extending the reduced scenario set.

In this study, we compare 8 variants of Reduction methods in which the num-
ber of scenarios in the reduced problem is given. Two of these are clustering

algorithms that choose scenarios step by step. The selection criteria of these
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methods are choosing the scenario with the furthest distance to the closest sce-
nario in reduced problem set (FDCP) and to the centroid point of the reduced
problem set (FDC), respectively. Both rules aim to achieve high dissimilarity

within the cluster.

We also implement a Wasserstein distance-based scenario reduction approach,
which is introduced in [43]. When infusion duration is a vector of independent
random variables, the reduced scenario set and the original scenario set are two
probability distributions. Wasserstein metric is a function to find the distance be-
tween these two probability distributions, which calculates the probability trans-
ferred from one value of the first distribution to another value of the second.
When we consider this as a transportation problem between these two distri-
butions, Wasserstein distance corresponds to the minimum total transportation
cost. The algorithm aims to create the reduced set that has the minimum Wasser-
stein distance with the distribution of the original problem. Rujeerapaiboon et
al. (2017) [43] has strong results with [ = 1 and [ = 2 norms and creates the
distribution with both Local search and MIP models, resulting in four variants

that we adopt for our algorithm. We refer to these variants in our experiments

as MIP W(l;), MIP W(ly), LS W(l;), LS W(ly), respectively.

In the last two variants of reduction methods, we have incorporated ideas from
multi-objective optimization. In multi-objective optimization, representation of
the whole non-dominated set by a reduced subset is an important topic as it eases
the decision process by reducing the cognitive effort required to choose the most
preferred solution. There are well-established methods for measuring the quality
of a subset in terms of representatives such as coverage error and diversity [44].
Leveraging these methodologies, we adapt them to address our specific challenge
of generating a reduced scenario set which represents the original set of scenarios.
We consider two distinct subsets: one aims at minimizing the total coverage
distance from the complete set of scenarios, and the other focuses on maximizing
the total diversity. We employ integer programming (IP) models to identify these
subsets. The first method is referred to as CDM, and the latter as TDM in our

experiments.
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Pseudo-codes and the mathematical formulations for these variants are in the
online Appendix. In calculating distance parameters between scenarios, we use
an input based approach and take each scenario as an |I|-dimensional point,
where the coordinates are the patients’ infusion durations. Our computational
experiments, the results of which will be provided in the following section, indicate
that choosing the scenario with the furthest distance to the closest scenario in
the reduced problem set (FDCP) performs best.

In Step 3 of MBSA, the reduced problem is solved. If this problem is infeasible,
the original problem is also infeasible. If the reduced problem has a feasible
solution, and the corresponding schedule is feasible for all the remaining scenarios
in the original scenario set, then it is a solution to the original problem. In these
two cases, the reduced problem is sufficiently good at representing the original
problem. Hence, if the termination criterion is not met, MBSA should progress to
the next iteration and explore alternative values of EEEM. On the other hand, if
the feasible schedule for the reduced problem is infeasible in at least one scenario,
the reduced problem needs to be augmented by increasing the size of the reduced
scenario set to better represent the original problem. In such occurrences, MBSA
selects an augmenting scenario among the ones resulting in infeasibility of the
reduced problem solution and adds it to the reduced scenario set. We utilize
FDCP for selecting a scenario in the augmentation phase due to its superior

performance and the advantage of seamlessly incorporating scenarios one-by-one.

4.2.2 Conditional selection method

The results of our preliminary experiments show that not all iterations require
the same computational effort. More specifically, feasibility problems that take
an infeasible EEEM value tend to need significantly more computational effort.
Thus, we can say that, for EEEM; <EEEM,, testing EEEM; is more likely
to require less time compared to testing EKEM,. However, BSA ignores such
conditions and divides the search space into two equal pieces. We implement
CSM at Step 3 of the MBSA to check the optimality of the current solution,
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aiming to terminate the algorithm early.

The procedure works as follows. Let at iteration v, the algorithm returns
EEEM? feasible. Then, EEEM"*! is set to EEEM" + € instead of w. If
EEEM"*! is infeasible, then EEEM?" is proven to be optimal within the precision
level. In other words, MBSA performs iteration v + 1 to validate the solution in
such a case. However, if EEEM"*! is also feasible, MBSA finds a better solution
without reducing search space significantly. A trade-off exists between termi-
nating the algorithm without facing infeasible problems, which would reduce the
computation time, and performing early termination checks that fail to termi-
nate, increasing the computation time. Considering this, MBSA performs the
CSM procedure after obtaining a feasible value by taking the middle point of LB
and UB only. The procedure is shown in the online Appendix.

4.2.3 Using information from previous models

In MBSA, a series of models are solved subsequently. These models have almost
identical formulations with two possible differences; the scenario set and the fixed
value for EEEM.

When the augmentation phase is implemented, the resulting model incorpo-
rates new constraints specific to the added scenario, while retaining the con-
straints from the previous model. Since a feasible schedule exists for the former
model, this schedule can serve as the initial solution (warm start) for the succeed-
ing model. Likewise, during a new iteration of MBSA, we can utilize schedules
generated in previous iterations. Among these schedules, there exists a specific
one that is feasible for the current LB under the original scenario set. The only
difference is the fixed value of EEEM at constraint (3.18). While this second
similarity is relatively minor compared to the first one, we have the flexibility to
choose both, only the first one, or none of them. We refer to these options as

complete, partial and no warm start in our experiments, respectively.

When MBSA returns to Reduction step after completing an iteration, the
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algorithm typically begins with a new reduced scenario set in the standard im-
plementation. However, an alternative approach is to utilize the latest augmented
reduced scenario set from the previous iteration. Opting for the latter approach
carries the drawback of potentially requiring MBSA to solve larger models than
necessary. Conversely, employing the former approach may result in redundant

repetition of the augmentation steps already performed in the previous iteration.
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Algorithm 1 Modified Binary Search Algorithm
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14:
15:
16:
17:
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19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:

1
2
3
4:
5:
6
7
8
9

Step 1: Initialization

s Letv=1

LB=0,and UB=1
EEEM" = (LB+UB)/2
Step 2: Reduction

: Generate initial representative scenario group K"

: Step 3: Solve models to update parameters

: Solve the reduced problem, RP, based on K” for EEEM"
. if EEEM" is infeasible for RP

Update UB and set EEEM"™! using conditional selection method (CSM)
end if
else
if EEEM" is feasible for the remaining scenarios, {2\ K"}
Update LB and set EEEM**! using CSM
end if
else
Step 4: Augmentation
Update K" by adding a scenario that causes the solution of the
reduced problem to
become infeasible
Go to Step 3
end else
end else
Step 5: Termination check
if UB— LB <e¢
return EEEM* = LB
end if
else
v=uv+1
Go to Step 2
end else
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Chapter 5

Computational Experiments

5.1 Instance generation and data

We conduct our experiments using a set of 10 instances. To generate problem in-
stances, we draw actual infusion durations from a dataset that comprises data on
204 patients collected over 11 days at the OCC of Hacettepe University Oncology

Hospital. The number of patients observed in a day ranges between 14 and 23.

The patient data is classified into 4 groups based on planned durations for
treatments by consulting with the head nurse. The probabilities of a patient
belonging to each specific group are calculated based on the number of observa-
tions in each group. The occurrence probabilities, the actual infusion duration
interval, mean, and standard deviation for each group are presented in Table 5.1.
Furthermore, the distribution of patient groups across days is illustrated in Fig-
ure 1(a) in the online appendix. Note that we assume each premedication takes
15 minutes, irrespective of the patient group, as our dataset indicates that 95%

confidence interval for premedication durations is in between 14.61 and 16.09.

We generate instances comprising 50 scenarios, where each scenario consists

of infusion durations of the patients. To create an instance, we start by sampling
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a group index for each patient, taking into account the occurrence probabilities
of the groups. Subsequently, we sample 50 infusion durations for each patient,

considering the duration intervals specific to their associated patient group.

Table 5.1: Occurrence probabilities, infusion duration intervals, means and stan-
dard deviations (in minutes) for each patient group

Group | Probability (%) | Duration Interval | Mean | Std. deviation
1 26.96 [16,44] 35.87 11.23
2 7.84 [29,80] 73.31 21.17
3 33.34 [74,132) 126.57 95.62
4 31.86 [125,217] 168.92 25.27

We examine a system comprising 8 patients, 3 chairs, and 2 nurses. We use
a tolerance threshold level (7) of 10 minutes for constraint (3.17). Through our
preliminary experiments, we have observed that MBSA can solve instances having
optimal values outside the range of (0.375,0.875) substantially fast. Consequently,
we adjust the upper bound for nurse overtimes to create a customized instance
that enables us to thoroughly test the algorithm’s capabilities within a suitable

parameter space.

Algorithms are implemented in Microsoft Visual C++ 2022 using CPLEX 20.1
Concert Technology. For the sake of fair comparison, we conduct all experiments
on Intel(R) Xeon(R) CPU E5-1650 computer with six-core processor running at
3.60 GHz and 64.0 GB RAM. Additionally, each run has 3-hr time limit to return
a result. The solution times are reported in seconds, and the instances terminated

by the time limit contribute to the average solution time as 10800 seconds.

5.2 Algorithm experiments

Necessity of modifying BSA: We present compelling numerical evidence that
highlights the need for modifying BSA. Our preliminary experiments show that
BSA is incapable of finding the optimal EEEM within a reasonable time limit

(see Table 5.2). In particular, the termination criterion is not satisfied in 90%
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of the test instances within the specified time limit of 3 hours. Furthermore,
a substantial gap exists between the latest feasible (proven lower bound) and
infeasible (proven upper bound) EEEM values for the majority of the instances.
In light of these empirical findings, we investigate and test improvement ideas

and implement a modified version, namely the MBSA.

Table 5.2: Relative gap (RG) and absolute gap (AG) between the lower and upper
bounds on EEEM values. NS means that the BSA cannot terminate within the
time limit.

Instance | Solution Time (sec) | RG(%) | AG | Instance | Solution Time (sec) | RG(%) | AG
1 NS 100 1 6 8500.36 1.10 0.001
2 NS 25 0.125 7 NS 0.25 0.002
3 NS 50 0.25 8 NS 100 1
4 NS 50 0.25 9 NS 0.45 0.004
5 NS 5.55 0.031 10 NS 100 0.5

Comparison of reduction methods: We compare the eight alternative Re-
duction methods that are discussed in Section 3. Table 5.3 displays the solution
times for each instance, as well as the average solution time. The comparison
of CDM and TDM methods indicate that the diversity of the scenarios in the
reduced set has more impact in solution time than the coverage level of the rep-
resented scenarios. A possible explanation can be as follows: the scenarios in a
diverse reduced set are also the ones that are hard to be represented by other

scenarios.

Moreover, the second-stage problem is a feasibility problem; hence for the
reduced set to provide a promising solution for the original problem, not only the
total values but also the maximum levels of coverage error and diversity must be
considered. Among these eight alternatives, FDCP considers both coverage and
diversity; hence outperforms the other approaches with respect to average and

maximum solution times. Compared to the second best-performing alternative
(TDM), FDCP is 13.88% faster.

Among the Wasserstein distance-based approaches, those utilizing the /; norm
to measure the distance between two scenarios exhibit notably superior perfor-
mance compared to those employing the [, norm. However, our experiments

demonstrate that, overall, the commonly employed Wasserstein distance-based
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approaches underperform in comparison to the majority of alternative methods
on our test instances. This poor performance may be attributed to the unique
structure of our second-stage problems. Unlike typical problems addressed by
such approaches, our second-stage problems are not conventional optimization

problems, but rather feasibility problems.

Table 5.3: Comparison of Reduction methods based on computation times (sec)

Instance | FDCP | FDC | MIP W(l,) | MIP W(l;) | LS W(l,) | LS W(i;) | CDM | TDM
1 2699.36 | 7016.31 | 10008.80 5795.75 3688.80 | 5854.55 | 5512.27 | 7717.08
2 1119.88 | 1024.25 | 952.01 386.38 2274.90 | 112279 | 131850 | 1529.50
3 5196.60 | 2660.36 | 10098.60 476481 5440.74 | 448421 | 5617.91 | 4220.42
1 2490.86 | 8984.72 | 1544.79 2267.99 549845 | 343652 | 2962.81 | 2005.21
5 967.96 | 1869.78 |  2466.52 2123.97 2057.16 | 5094.40 | 1724.60 | 1923.95
6 1120.89 | 1029.55 |  1226.62 1040.97 1936.99 | 917.05 | 9081.99 | 772.63
7 96951 | 492.19 | 1336.70 1111.98 135568 | 3029.63 | 721.84 | 984.80
8 698.04 | 710.46 3hr 2194.33 3hr 2208 81 | 1565.19 | 891.53
9 60154 | 122851 |  1535.66 2930.09 101179 | 1260.73 | 1224.01 | 1193.19
10 8820.74 | 7106.24 |  5460.57 3hr 5365.43 3hr 3hr | 7426.34
Average | 2468.54 | 3212.24 | 4543.03 3341.63 4032.99 | 3820.87 | 4052.91 | 2866.47

Benefit of conditional selection method: Table 5.4 shows the benefit of
using CSM within MBSA. The findings highlight that using CSM and hence ben-
efiting from early termination checks during EEEM updates yield a remarkable
improvement in terms of solution time. Importantly, the absence of CSM renders
two out of the ten instances unsolvable within the 3-hour time limit, whereas the

utilization of CSM ensures successful solution for all instances.

Table 5.4: Comparison of MBSA with CSM against MBSA without CSM in terms
of computation times (sec)

With CSM Without CSM
Instance Time | Instance | Time | Instance | Time | Instance | Time
1 2699.36 6 1120.89 1 2277.85 6 801.53
2 1119.88 7 969.51 2 1212.58 7 1847.83
3 5196.60 8 698.04 3 6391.26 8 892.27
4 2490.86 9 601.54 4 3hr 9 581.38
5 967.96 10 8820.74 5 3171.86 10 3hr
Average 2468.54 Average 3877.65

Impact of using information from previous models: As outlined in Section

4.2.3, the feasibility problems tackled in the MBSA are similar, hence we can
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Table 5.5: Effect of using information from previous models

(a) Effect of complete and partial warm (b) Effect of carrying augmented
start on solution time (sec) scenario set to next iteration (sec)
Instance | Complete | Partial | None Instance | Augmented | Fixed
1 2699.36 4105.26 | 5212.73 1 2699.36 5834.57
2 1119.88 1480.82 | 3038.62 2 1119.88 2510.77
3 5196.60 3909.09 | 5156.07 3 5196.60 9048.64
4 2490.86 1872.65 | 3007.21 4 2490.86 5272.39
) 967.96 1051.84 | 757.81 5 967.96 1395.33
6 1120.89 1398.27 | 850.76 6 1120.89 666.21
7 969.51 856.12 | 1471.79 7 969.51 1723.72
8 698.04 1027.47 | 1103.08 8 698.04 1496.14
9 601.53 1366.33 | 1132.77 9 601.54 1140.45
10 8820.74 3hr 10579.40 10 8820.74 10119.30
Average 2468.54 2786.79 | 3231.02 Average 2468.54 3920.75

leverage information from previous iterations or models solved within the same
iteration. Table 5.5a assesses the benefit of using warm start approaches discussed
earlier. We present a comparison between two distinct variants, namely complete
warm start and partial warm start, against the case of no warm start. The results
underline that information from earlier solutions can be beneficial; as the average
solution times with partial and complete warm start strategies are 13.74% and
23.60% better, respectively, compared to no warm start. Based on the results,

we choose to employ the complete warm start approach within the MBSA.

As discussed before, two alternative strategies can be employed to establish
an initial reduced scenario set when a new iteration of MBSA begins. The first
approach involves utilizing the latest augmented scenario set from the previous
iteration, and the second approach relies on the initial reduced scenario set of the
prior iteration. Each strategy bears its own set of advantages and disadvantages.
On one hand, a representative scenario set for a given EEEM level may not
be the best-fitting one for a different level. On the other hand, starting from
scratch may lead to the risk of redundantly repeating augmentation steps that
were already executed in previous iterations. In Table 5.5b, we analyze this
trade-off by comparing MBSA, which uses the augmented scenario set, hence the
first strategy, with a version which uses the fixed initial reduced scenario set (the

second strategy). The first strategy performs better in nine of the ten instances
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and requires only around 50% of the time needed with the second strategy in

most of these. Consequently, we decide to employ the first strategy within the
MBSA.

Comparison with a nonlinear programming solver: Since our problem is
new in the literature, there are no customized algorithms that we can compare our
approach to. Hence, we demonstrate its performance by comparing it to one of
the most well-known commercial nonlinear programming solvers (NLPS), Gurobi.
We solve the extensive formulation of the SMINP model with improvement cuts,
as provided in the online appendix. To ensure a fair comparison, we let the solver
to terminate when either 0.001 absolute optimality gap or 3-hr limit is reached, as
is the case in MBSA. Table 5.6 presents the solution times, the returned EEEM
values and absolute optimality gap reported by Gurobi when the time limit is

reached.

Table 5.6: Comparison with an Gurobi

Solution Time (sec) EEEM
Instance | MBSA NLPS MBSA | NLPS | NLPS Gap
1 2699.36 5194.52 0.71 0.71 0
2 1119.88 7246.08 0.61 0.61 0
3 5196.60 3hr 0.74 0.62 0.38
4 2490.86 3hr 0.75 0.75 0.25
5 967.96 5560.54 0.56 0.56 0
6 1120.89 3hr 0.86 0.86 0.11
7 969.51 1455.70 0.76 0.76 0
8 698.04 3330.36 0.54 0.54 0
9 601.54 3hr 0.86 0.86 0.14
10 8820.74 3hr 0.74 0.73 0.13

The results show that MBSA is faster than Gurobi in every instance. Moreover,
the solver fails to terminate within 3 hours in half of the instances. In three of
these (instance # 3,4,9), Gurobi even fails to tighten the initial upper bound on
EEEM, which is 1, resulting in notably high absolute gaps.

MBSA always returns the best EEEM value within the given precision since

it can solve all instances within the time limit. On the other hand, in half
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of the instances, Gurobi fails to verify optimality within the time limit and in
one instance (instance 3), it returns a remarkably worse solution. The average
solution time of MBSA is significantly better than that of the NLPS. Overall,
MBSA outperforms the NLPS with a great margin.

5.3 Structure of the optimal (MBSA) schedules

When we analyze the optimal solutions in the experiment set, we observe that
the EEEM values of our schedules range from 0.54 to 0.86, due to the variation in
patient groups and durations across the instances. To examine how the structure
of the optimal sequences varies across instances, we create a heat map showing
the average infusion durations of patients assigned to each of the eight positions in
the sequences, as presented in Figure 5.1. In other words, we investigate whether
long or short infusion duration cases are consistently assigned to specific positions

in the optimal sequences.

Interestingly, the first three (i.e., |C|) positions generally include patients with
very long and very short infusion durations. Moreover, the patient with the
longest or shortest average infusion duration is never assigned to the last position.
Two primary factors contributing to the latter observation are the shift length
and the overtime limit. Assigning the patient with the longest infusion duration
to the last position risks exceeding the overtime limit. To avoid this risk, one
can set the appointment time of this last patient very early, but this may cause
unnecessary waiting times in many scenarios. Similarly, if the patient with the
shortest infusion duration is scheduled last, their treatment may need to start
during overtime hours in some scenarios due to the long infusion durations of
preceding patients. Since a patient’s appointment time should be set within
regular shift hours, the patient may need to wait excessively until their treatment

starts during the overtime period in such cases.
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Figure 5.1: Heat map of optimal schedules

5.4 Comparison with alternative schedules

Comparison with baseline schedules: To evaluate the practical efficacy of
our SMINP model solution, we conduct a comparative analysis between schedules
obtained using MBSA and baseline schedules. The baseline schedules are created
by emulating the scheduling approach employed by the head nurse responsible
for managing appointments in the OCC that inspired this study.

The head nurse assigns patients to two pre-determined appointment times,
which are 8:00 a.m. (a = 0) and 10:30 a.m. (a = 150), respectively. S/he first
orders the patients with respect to their expected infusion duration, from mini-
mum to maximum. Starting from the first patient, s/he sets the appointments to
8:00 until the total expected treatment duration per chair exceeds 150 minutes.

The remaining appointments are set to 10:30.

For each baseline schedule, we calculate o, Vw € €2, through solving a single-
scenario subproblem of the SMINP model for scenario w by fixing sequencing and
appointment time variables. Our experiments demonstrate that a* is consistently

zero for every baseline schedule corresponding to each instance, which indicates
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that either the average waiting time of scenario w is greater than 7 or the nurse
overtime exceeds the limit (both cases make the subproblem infeasible). The
result suggests that there is great room for improvement. Our SMINP model fills

this need by explicitly considering fairness and efficiency in the resulting schedule.

Comparison with scheduling heuristics: We also compare MBSA sched-
ule with other schedules that can be obtained using some well-known scheduling
heuristics. In creating a schedule, we initially employ a sequencing heuristic to
order patients and subsequently apply a job hedging heuristic to set the appoint-

ment times for all patients [28].

For sequencing decisions, we use the following five rules: 1) shortest infusion
duration first (SPT), 2) largest infusion duration first (LPT), 3) least variance in
infusion duration first (Var) 4) least coefficient of variation in infusion duration
first (CoV), and 5) least mean absolute deviation in infusion duration first (MAD).

We take the expected values of the infusion durations while ordering.

We begin by scheduling appointments of the first |C'| patients according to the
optimal solution property discussed in Section 3.3. Then we estimate the infusion
duration of each patient by using job hedging. The sum of constant premedication
duration and estimated infusion duration gives the estimated treatment duration
for a patient. Next, we add the estimated treatment duration for a patient to the
appointment start time of the patient. Subsequently, the appointment time of
the next patient is set to the earliest time when both a nurse and a chair become
available. In our experiments, we test different job hedging levels between 40"
and 100" percentiles, with increments of 5%. Regardless of the sequence and
the hedging level, the schedules return EEEM = 0, indicating that such simple
heuristics fail to provide good quality solutions. To obtain better schedules,
instead of relying on job hedging heuristics to set appointment times, we utilize
our SMINP model after establishing the patient sequence through sequencing
heuristics. Figure 5.2a shows descending ordered a*! values Vw € € for a given
instance. MBSA has the highest EEEM (i.e., aP%), as expected. However, we
see that similar performance can not be obtained by heuristic approaches as the

gap between MBSA and the scheduling heuristics solutions is significantly large.
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Figure 5.2: Scenario-based a!*! values of schedules

The waiting time allocation in the worst-case scenario of MBSA is better than or
equal to the allocations in 32 scenarios of the best-performing sequencing heuristic
(CoV).

Comparison with the min-max approach: We compare our schedules
with those of the min-max approach, which aims to prevent the occurrence of
extremely unfavorable outcomes. To accomplish this, we solve a revised version
of our problem where we minimize the maximum patient waiting time (wpyax)-
Solving the min-max problem is computationally demanding. To expedite the
solution process, we input the MBSA schedules as warm start solutions. Notably,
even with warm start, solving the min-max model requires more than 3 hours in

five instances.

In four instances, both schedules (MBSA and min-max) yield the same max-
imum waiting times, with identical schedules observed in two of them. Over 10
instances, MBSA schedules have 14% higher maximum waiting times whereas

min-max schedules have 17% lower EEEM, on average.

Min-max approach prioritizes the worst outcome, which may lead to high
inefficiency. We assess the efficiency of these schedules by comparing the total

patient waiting times. We observe that the average total waiting time is 9.8%
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higher for the min-max schedules. In worst-case scenarios, which are the ones
both approaches optimize over, the min-max approach resulted in a 31.43% higher

total waiting time on average, reaching up to 80%.

We analyze the two approaches in more detail in Table 5.7. The table displays
details of the optimal solutions of the minw,,,, and max EEEM approaches,
respectively, in instance 1. For these solutions, we provide details on the waiting
time distributions for a set of scenarios. In the upper part of the table, details
on the optimal solution with respect to min wy,., is seen. This solution has a
maximum waiting time of 16, which is realized in six scenarios. Moreover, when
we calculate o values corresponding to this solution, we see that the worst value
is 0.6, lower than the EEEM of the max EEEM (MBSA) solution, which is 0.713.
We also show the other scenarios that result in a o that is lower than this EEEM.
In the second (lower) part of the Table, we provide details on the max EEEM
(MBSA) solution, which has an EEEM value of 0.713, observed in two of the
scenarios. 'This solution results in a higher maximum waiting time than 16 in
four scenarios, the details of which are given. In these scenarios the maximum

waiting time is 19.

The table reveals a higher likelihood of encountering undesirable scenarios in
a min-max waiting time schedule. Additionally, we observe a scenario in which
the min-max schedule keeps wp,ax at its minimum (16) but makes other patients
wait, too (see patients 6 and 5, who wait for 11 and 5 minutes, respectively),
sacrificing from the overall welfare. This supports our observation regarding the
total waiting time difference between the two approaches. We see that the total

waiting time can be as high as 32 in the min wy,,, solution while it is at most 23
in the max EEEM (MBSA) solution.
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Table 5.7: Comparison with min wy,,, objective

Objective Patient | Scenarios with wy . > w} .. | Scenarios with o < EEEM*
1 0]0]0]0]|O0 0 0 0 0
2 0] 0]0]0]|0O0 0 0 0 0
3 0j0]0]0]|O0 0 0 0 0
4 160|000 16 16 0 0
Min Wy ay 5 7 0 16| 0 5 0 7 16 5
6 000|011 0 0 0 11
7 2109016 0 2 9 16
8 0|16 0 16| 0O 0 0 0 0
W ax 16 | 16 | 16 | 16 | 16 16 o” | 0.688 | 0.688 0.6
1 0] 0]071]0 0 0
2 000|010 0 0
3 0] 0070 0 0
4 191 01| 0 |19 0 19
max EEEM (MBSA) 5 00| 0] 4 0 4
6 00|00 9 0
7 000710 14 0
8 0]19]19] 0 0 0
wdoo 19119 (19|19 a” 1 0.713 | 0.713

w} .. is the optimal value of the min wpyax problem,

EEEM™ is the optimal value of the max EEEM problem.

Dissimilarity of schedules: In addition to comparing the MBSA sched-
ules to alternative schedules based on performance metrics, we analyze their
(dis)similarity. We consider each schedule in terms of its two key components:
appointment times and sequences. We then quantify the similarity of a schedule
to the MBSA schedule using the [ = 1 norm. Distances are measured by treat-
ing appointments and patient positions as points in a |I|-dimensional space, as
illustrated in Figure 5.3 (see also the online Appendix for detailed results). Fig-
ure 5.3a demonstrates that heuristic approaches provide very different sequences
compared to MBSA, whereas min-max sequences exhibit a notable similarity to
MBSA sequences. Figure 5.3b shows a similar trend in appointment times. Note
that baseline schedules constitute an exception: they exhibit significantly large
appointment time distances despite not necessarily having the largest sequence
distances. This occurs because of the appointment slot structure utilized in the
OCC. The head nurse has to assign patients to only two pre-determined ap-
pointment times within the shift, leading to significant deviations from optimal

schedules.
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5.5 Value of stochastic solution

Value of stochastic solution (VSS) is important to assess the impact of uncer-
tain factors on the first-stage decisions. To calculate VSS, we first generate a
schedule with the mean value problem (MVP), which has a deterministic formu-
lation obtained by taking the expected value of infusion durations. Subsequently,
we compare the objective function value of SMINP solution with that of the
mean value problem solution. The outcomes of this experiment show that the
deterministic schedule consistently results in EEEM value of 0 for all instances.
Figure 5.2b shows descending ordered ol values Vw € € of optimal schedules
generated by MVP and SMINP formulations for five instances. It is seen that in
MVP not only EEEM is worse but also there is a significant gap in o/“! values be-
tween the proposed and the MVP solutions. Consequently, the VSS value reaches
100%, highlighting a significant disparity in patient waiting times in outpatient
chemotherapy schedules when uncertainty in infusion durations is not considered

while setting appointment times for patients.
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Chapter 6

Conclusion

In this study, our primary objective is to tackle the issue of excessive waiting
times in chemotherapy appointments, ensuring fair scheduling for all patients.
To achieve this goal, we introduce an equity and efficiency encouraging met-
ric (EEEM) and seamlessly incorporate it into an SMINP model. Utilizing the
SMINP model, we sequence patients and set appointment times while accounting
for the uncertainties in infusion durations for each patient on a daily list. In
our pursuit of equitable scheduling, we also assign patients to nurses and chairs
following an optimal myopic policy. Addressing the complexity of nonlinear con-
straints within the SMINP model, we present a modified version of the binary
search algorithm, MBSA. This sophisticated algorithm requires solving stochas-
tic feasibility problems at each iteration. To overcome this challenge, we devise
a novel reduce-and-augment algorithm. Multiple variants of scenario reduction
algorithms are extensively tested as part of the reduce-and-augment process. Ad-
ditional improvement procedures such as conditional selection method and warm
start techniques are also incorporated to the MBSA. To evaluate the efficacy of
the MBSA, we conduct a comprehensive comparison against a commercial non-
linear programming solver (NLPS) using actual data from an OCC of a major
oncology hospital. Furthermore, we conduct a comparison of the MBSA solutions
with those of the baseline schedules. Finally, we measure the value of stochastic

solution.
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We found that our exact algorithm, MBSA, outperforms the NLPS signifi-
cantly in terms of the computational time. Furthermore, the MBSA yields sched-
ules that are remarkably better than both baseline schedules and those generated
by commonly used scheduling heuristics. Scenario set reduction and augmenta-
tion methods play an important role within the MBSA algorithm, and FDCP
(selecting the scenario that is furthest away from the closest scenario in the re-
duced set) performs the best among several other variants. The VSS calcula-
tion underscores the utmost importance of incorporating uncertainty in infusion
durations when establishing patient appointment times to maintain fairness in
outpatient chemotherapy schedules. By accounting for these uncertainties, we
can significantly improve the equitable distribution of waiting times for patients,

leading to more effective and patient-centric scheduling strategies.

Our approach is generalizable to various OR/IE applications, with some
problem specific modifications. Hence, the potential impact is not limited to
chemotherapy scheduling and can be seen in a wide range of applications involv-
ing fairness concerns in a stochastic system, including but not limited to general
scheduling, workload allocation, humanitarian logistics, hazmat transportation,
equitable location, healthcare provision, and public service design. The promising
results we obtain for the chemotherapy application indicate that it has potential

to improve such systems, too.

In a future study, EEEM measure can be modified and defined for each scenario
independently. The objective function of the SMINP would maximize the sum-
mation of the k£ worst EEEM values in such a case. In an alternative extension of
the study, a two-level approach can be formulated to favor highly preferred and
avoid unfavorable outcomes at the same time. EEEM metric can also be used in
problems from settings that are different from chemotherapy clinics to assess its

general practicability.

49



Bibliography

1]
2]

American Cancer Society, “Cancer facts & figures 2024,” 2024.

H. Katayama, M. Tabata, T. Kubo, K. Kiura, J. Matsuoka, and Y. Maeda,
“Demand for weekend oupatient chemotherapy among patients with cancer

in japan,” Supportive Care in Cancer, vol. 29, pp. 1287-1291, 2021.

F. Camacho, R. Anderson, A. Safrit, A. S. Jones, and P. Hoffmann, “The re-
lationship between patient’s perceived waiting time and office-based practice
satisfaction,” North Carolina Medical Journal, vol. 67, no. 6, pp. 409—413,
2006.

O. Baron, O. Berman, D. Krass, and J. Wang, “Strategic idleness and dy-
namic scheduling in an open-shop service network: Case study and analysis,”
Manufacturing € Service Operations Management, vol. 19, no. 1, pp. 52-71,
2017.

K. McCarthy, H. M. McGee, and C. A. O’Boyle, “Outpatient clinic waiting
times and non-attendance as indicators of quality,” Psychology, Health &
Medicine, vol. 5, no. 3, pp. 287-293, 2000.

J. Qi, “Mitigating delays and unfairness in appointment systems,” Manage-
ment Science, vol. 63, no. 2, pp. 566-583, 2017.

X. Huang, “Patient attitude towards waiting in an outpatient clinic and its
applications,” Health Services Management Research, vol. 7, no. 1, pp. 2-8,
1994.

20



8]

[10]

[11]

[12]

[13]

[14]

[15]

P. K. Lau, M. J. Watson, and A. Hasani, “Patients prefer chemotherapy on
the same day as their medical oncology outpatient appointment,” Journal of
Oncology Practice, vol. 10, no. 6, pp. e380—e384, 2014.

G. Lame, O. Jouini, and J. S.-L. Cardinal, “Outpatient chemotherapy plan-
ning: A literature review with insights from a case study,” IIF Transactions

on Healthcare Systems Engineering, vol. 6, no. 3, pp. 127-139, 2016.

M. Hadid, A. Elomri, T. E. Mekkawy, O. Jouini, L. Kerbache, and
A. Hamad, “Operations management of outpatient chemotherapy process:

An optimization-oriented comprehensive review,” Operations Research Per-
spectives, vol. 9, p. 100214, 2022.

A. Turkcan, B. Zeng, and M. Lawley, “Chemotherapy operations planning
and scheduling,” ITE Transactions on Healthcare Systems Engineering, vol. 2,
no. 1, pp. 31-49, 2012.

P. Hooshangi-Tabrizi, I. Contreras, N. Bhuiyan, and G. Batist, “Improv-
ing patient-care services at an oncology clinic using a flexible and adaptive
scheduling procedure,” FExpert Systems with Applications, vol. 150, p. 113267,
02 2020.

A. Cataldo, S. Sufan, A. Lorca, M. Andresen, C. Sanchez, and A. Saure,
“Multi—stage process for chemotherapy scheduling and effective capacity de-
termination,” International Transactions in Operational Research, vol. 30,
no. 1, pp. 151-180, 2023.

B. Liang and A. Turkcan, “Acuity-based nurse assignment and patient

2

scheduling in oncology clinics,” Health care management science, vol. 19,

01 2015.

M. Heshmat, K. Nakata, and A. Eltawil, “Solving the patient appointment
scheduling problem in outpatient chemotherapy clinics using clustering and

mathematical programming,” Computers € Industrial Engineering, vol. 124,
07 2018.

51



[16]

[17]

[18]

[20]

[21]

[22]

23]

[24]

A. Hesaraki, N. Dellaert, and T. de Kok, “Integrating nurse assignment in
outpatient chemotherapy appointment scheduling,” OR Spectrum, vol. 42,
pp. 1-29, 12 2020.

M. Benzaid, N. Lahrichi, and L.-M. Rousseau, “Chemotherapy appointment
scheduling and daily outpatient—nurse assignment,” Health Care Manage-
ment Science, vol. 23, 03 2020.

G. Lyon, A. Cataldo, G. Angulo, P. A. Rey, and A. Saure, “A column gener-
ation approach to intraday scheduling of chemotherapy patients,” Interna-
tional Journal of Production Research, vol. 61, no. 7, pp. 2231-2249, 2023.

M. Alvarado and L. Ntaimo, “Chemotherapy appointment scheduling under
uncertainty using mean-risk stochastic integer programming,” Health Care

Management Science, vol. 21, no. 1, p. 87 — 104, 2018.

A. Hesaraki, N. Dellaert, and T. de Kok, “Online scheduling using a fixed
template: the case of outpatient chemotherapy drug administration,” Health
Care Management Science, vol. 26, pp. 117-137, 3 2023.

A. Mandelbaum, P. Momé¢ilovi¢, N. Trichakis, S. Kadish, R. Leib, and C. A.
Bunnell, “Data-driven appointment-scheduling under uncertainty: The case
of an infusion unit in a cancer center,” Management Science, vol. 66, no. 1,
pp- 243-270, 2020.

J. Castaing, A. Cohn, B. T. Denton, and A. Weizer, “A stochastic program-
ming approach to reduce patient wait times and overtime in an outpatient

infusion center,” IIE Transactions on Healthcare Systems Engineering, vol. 6,
no. 3, pp. 111-125, 2016.

S. Hahn-Goldberg, J. C. Beck, M. W. Carter, M. Trudeau, P. Sousa, and
K. Beattie, “Solving the chemotherapy outpatient scheduling problem with

constraint programming,” Journal of Applied Operational Research, vol. 6,
p. 135144, 5 2014.

R. F. Slocum, H. L. Jones, M. T. Fletcher, B. M. McConnell, T. J. Hodgson,

J. Taheri, and J. R. Wilson, “Improving chemotherapy infusion operations

52



[25]

[26]

[27]

[28]

[29]

[32]

[33]

through the simulation of scheduling heuristics: a case study,” Health Sys-
tems, vol. 10, no. 3, pp. 163-178, 2021.

B. Liang, A. Turkcan, M. E. Ceyhan, and K. Stuart, “Improvement of
chemotherapy patient flow and scheduling in an outpatient oncology clinic,”
International Journal of Production Research, vol. 53, no. 24, pp. 71777190,
2015.

S. Gul, “Chemotherapy appointment scheduling under uncertainty by
considering workload balance among nurses,” Pamukkale Universitesi
Miihendislik Bilimleri Dergisi, vol. 27, no. 4, pp. 570 — 578, 2021.

M. Haghi, H. Hashemi Doulabi, I. Contreras, and N. Bhuiyan, “Integrated
consultation and chemotherapy scheduling with stochastic treatment times,”

Journal of the Operational Research Society, 2022.

N. B. Demir, S. Gul, and M. Celik, “A stochastic programming approach for
chemotherapy appointment scheduling,” Naval Research Logistics, vol. 68,
no. 1, p. 112 — 133, 2021.

S. Karakaya, S. Gul, and M. Celik, “Stochastic scheduling of chemother-
apy appointments considering patient acuity levels,” Furopean Journal of
Operational Research, vol. 305, no. 2, pp. 902-916, 2023.

S. Gul, “Nursing care flexibility in chemotherapy appointment scheduling,”

Flexible Services and Manufacturing Journal, vol. in press, 2023.

M. Issabakhsh, S. Lee, and H. Kang, “Scheduling patient appointment in an
infusion center: a mixed integer robust optimization approach,” Health Care
Management Science, vol. 24, pp. 117-139, 2021.

J. Behnamian and Z. Gharabaghli, “Multi-objective outpatient scheduling in
health centers considering resource constraints and service quality: a robust
optimization approach,” Journal of Combinatorial Optimization, vol. 45,

no. 2, 2023.

Y. Gao, Q. Zhang, C. K. Lau, and B. Ram, “Robust appointment scheduling
in healthcare,” Mathematics, vol. 10, no. 22, 2022.

93



[34]

[35]

[36]

[37]

[38]

[39]

[41]

[42]

[43]

K. S. Shehadeh, A. E. Cohn, and R. Jiang, “A distributionally robust opti-
mization approach for outpatient colonoscopy scheduling,” European Journal
of Operational Research, vol. 283, no. 2, pp. 549-561, 2020.

O. Karsu and A. Morton, “Inequity averse optimization in operational re-
search,” Furopean Journal of Operational Research, vol. 245, no. 2, pp. 343—
359, 2015.

T. Cayirli and E. Veral, “Outpatient scheduling in health care: a review of
literature,” Production and Operations Management, vol. 12, no. 4, pp. 519-
549, 2003.

D. Gupta and B. Denton, “Appointment scheduling in health care: Chal-
lenges and opportunities,” IIE Transactions, vol. 40, no. 9, pp. 800-819,
2008.

A. Ahmadi-Javid, Z. Jalali, and K. J. Klassen, “Outpatient appointment
systems in healthcare: A review of optimization studies,” Furopean Journal

of Operational Research, vol. 258, no. 1, pp. 3-34, 2017.

A. Turkcan, B. Zeng, K. Muthuraman, and M. Lawley, “Sequential clinical
scheduling with service criteria,” European Journal of Operational Research,
vol. 214, no. 3, pp. 780-795, 2011.

S. Benjaafar, D. Chen, R. Wang, and Z. Yan, “Appointment scheduling
under a service-level constraint,” Manufacturing & Service Operations Man-

agement, vol. 25, no. 1, pp. 70-87, 2023.

N. Noyan, Risk-Averse Stochastic Modeling and Optimization, pp. 221-254.
10 2018.

R. Rockafellar, “Solving stochastic programming problems with risk mea-
sures by progressive hedging,” Set-Valued and Variational Analysis, vol. 26,
12 2018.

N. Rujeerapaiboon, K. Schindler, D. Kuhn, and W. Wiesemann, “Scenario
reduction revisited: Fundamental limits and guarantees,” Mathematical Pro-

gramming, vol. 191, 01 2017.
54



[44] S. Sayin, “Measuring the quality of discrete representations of efficient sets
in multiple objective mathematical programming,” Mathematical Program-
ming, vol. 87, pp. 543-560, 2000.

95



Appendix A

Details on Data
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Figure A.1: Observations on data set
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Appendix B

Proof of Proposition 1

Let A = {(ai, b;;),1,7 € I} be the appointment and precedence set from the first
stage; and for given A, let Spar (which will be referred as schedule) be the set
of patient-chair and patient-nurse assignments determined by assigning patients
to the first available resources. Recall that if b;; = 1, patient j must wait for
patient ¢’s service to start. We will prove the optimality of Spar by showing that
any optimal schedule S,,: can be converted to Spar by a set of moves without

changing the waiting time of any patient.

In an arbitrary step during transforming S,,; into Spar, let Sine, be the inter-
mediate schedule obtained at the previous step and ¢ € I be the earliest arriving
patient in S;,., among the patients who are assigned to a different nurse and/or

chair compared to Spag.

Let ¢ and N; denote the chair and nurse that patient 7 is assigned under
Sinter Tespectively, similarly Cy and Ny are equivalent to their counterparts under

SFAR-

We can investigate this step under 3 distinct cases.

o7



Case 1: Ol 7é 027 N1 = NQ

Figure B.1 illustrates this case. Let j € I be the first patient assigned to Cy
after the service of i starts on (7, and let k be the last patient assigned to Cy
immediately preceding j. In S, we represent the subsets of assigned patients
on (' as before and after patient ¢ with Subsequence C},,. and C,. respectively.
Moreover, let Subsequence Cj,,. denote the subset of assignments on Cy that
precede k and Subsequence Cyg,. those succeeding j. Note that, as Cs € Spag,
C5 must be the first available chair for patient . Thus the service of k finishes
before the service of i starts on C;. Additionally, the model ensures that patient

J waits for i’s service start time. Figure B.1(a) shows Sj,.- as described.

Next, by retaining the service start timings and nurse assignments of each
patient precisely, we can exchange the chair assignment of the subsequence con-
taining patient ¢ and C'g,. with the subsequence containing patient k£ and Cogye
on chairs C and Cs. Figure B.1(b) shows the schedule obtained after this ex-
change. In this case, each patient’s waiting time remains unchanged (as their
service start times are identical in both schedules); thus, each nurse’s overtime
is less than the given upper limit (N; = N;). Combining these results implies
that as S,y is feasible under given optimal EEEM value (EEEM*), Srag is also

feasible.

Cy Subsequence C'ype | 7 |  Subsequence Clgye |

Cy Subsequence Chye [ k| | J | Subsequence Chgye |

4 Subsequence C1,.¢ | ] Ji | Subsequence Chyye |

Cy Subsequence C5,.. | k | | 1 |  Subsequence Cig,. |

(b)

Figure B.1: The patient assignments for chairs C; and Cy (a) under S, and
(b) after exchanging the subsequences under Case 1 (C} # Cy, Ny = N»)
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Case 2: N1 7é NQ, Cl = 02

Both nurses and chairs work similarly as a resource. Hence we can apply similar
exchange moves as in Case 1. Figure B.2 (a) shows Sju. where m represents
the first patient assigned to nurse Ny arriving after patient i, and [ is the latest
predecessor of m assigned to the same nurse. While keeping the chair assignment,
we can swap the subsequences starting from ¢ and m on N; and N,, respectively.
The new schedule (see Figure B.2 (b)) has the same service start time for each

patient. This implies that the exchange does not break the feasiblity under given
EEEM*.

Ny Subsequence Ny, | [ |  Subsequence Nyigue |

Ny Subsequence Noy.e [ 1 ] | m | Subsequence Nog,. |
(a)

Ny Subsequence Ny, | ] m | Subsequence Nog,. |

Ny Subsequence Noy.e [ T | | 7 |  Subsequence Ny |

(b)

Figure B.2: The patient assignments for nurses N; and Ns (a) under S, and
(b) after exchanging the subsequences under Case 2 (N # Ny, C; = Cy)

Case 3: Nl 7& NQ, Cl 7é 02

In this case, we can prove the equivalence of the schedules by exchanging the
subsequences based on the principles of Case 1 and Case 2 sequentially. Figure
B.3 exemplifies the transition. According to results from Casel and Case 2, the

schedule obtained here is feasible under given EEEM*.

29



Ny Subsequence Ny,

[ Subsequence Nige |

N, Subsequence No,.e| 1

m | Subsequence Nog,.

Ch Subsequence C' e | |  Subsequence Cig,. |
Cy Subsequence (5. | k| | ] | Subsequence Chyye
(a)
Ny Subsequence Ny | m | Subsequence Nog,.
Ny Subsequence Noy.e| [ ] | |  Subsequence Nigye |
C Subsequence C7,pe | |  Subsequence Clgye |
Cs Subsequence (5, | k| | 7 | Subsequence Chgye
(b)
N Subsequence Ny, | m | Subsequence Nog,.
No Subsequence Ny, [ ] | |  Subsequence Nyge |
Ch Subsequence C1 ¢ | ] | Subsequence Chgye
Co Subsequence (5, | k | | |  Subsequence Cig,. |

One can convert S,y to Spar as follows: Starting from S,,;, pick the earliest

()

60

Figure B.3: The patient assignments for chairs C; and C3 and nurses N; and
N, (a) under S and (b) after exchanging the subsequences on nurses (c) after
exchanging the subsequences on nurses and then on chairs under Case 3 (N7 # Ny,

Cy # Cy)

arriving patient. If the patient is assigned to a different (i) chair, (ii) nurse, or
(iii) both compared to those in Spag, perform the exchange steps described in
Case (1), Case (2), or Case (3) respectively. As the schedules are equivalent, one

can finish this conversion with at most || iterations.




Appendix C

Binary Search Algorithm

Algorithm 2 Binary Search Algorithm

Step 1: Initialization
Letv=1
LB=0and UB =1
EEEMY = (LB +UB)/2
Step 2: Solve the feasibility problem for EEEM"
Step 3: Update algorithm parameters
if EEEM" is infeasible

UB = EEEM"
end if
else

LB =EEEM"
: end else
: Step 4: Termination
:if UB—-LB <e
return EEEM*® = LB
: end if
. else
cv=v+1
: EEEMY = (UB + LB)/2
: Go to Step 2
: end else

I N R e T S S e e i T
S © 0 DU A W RO
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Appendix D

Reduction Method Alternatives

1) Furthest Distance to Closest Point (FDCP): FDCP starts with an arbi-
trary scenario (e.g., scenario 1). Then, for each scenario outside the reduced sce-
nario set, it calculates the minimum of the distances (using [ = 2 norm) between
the scenario and scenarios in the reduced scenario set. Next, it adds the scenario
with the highest minimum distance to the reduced scenario set. The method
repeats the scenario adding steps until the reduced scenario set, ', reaches a

predetermined size (K).

2) Furthest Distance to Centroid (FDC): FDC starts with an arbitrary
scenario (e.g., scenario 1). Then, for each scenario outside the reduced scenario
set, it calculates the distance (using [ = 2 norm) between the scenario and the
centroid of the reduced scenario set. The centroid can be an imaginary scenario.
Next, it adds the scenario with the highest distance to the reduced scenario
set. The method repeats the scenario adding steps iteratively until the reduced

. / . .
scenario set, ), reaches a predetermined size (K).

62



Algorithm 3 Furthest Distance to Closest Point

1: Q, = {1}

2: while |Q'| < K

3: Appaz = —0O0

4: Winaw = NULL

5: for Vw € Q\

6: Appin, = OO

7 for Vw' € Q'

8: if ||w, w2 < dimin
9: dmm — |]w,w'||2
10: end if
11: end for
12: if din > dimas
13: Aoz = Amin
14: Wmaz — W
15: end for

16: Update Q' = Q" J Wimaz
17: end while

Algorithm 4 Furthest Distance to Centroid

1: Q, = {1}
2: while |Q'| < K
3: Aoz = —0O0

4: Winaz = NULL

>

5: Generate the centroid & such that t* = {t € RI|t; = we‘g’ll }
6: for Vw € Q\

7. i ||, Slo > doas

8: Amaz = ||w, @||2

9: Wimaz — W

10: end for

11: Update Q' = Q" Wimaz
12: end while
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3) Minimum Total Coverage Distance Model (CDM): Coverage distance
of scenario w € (2 is the minimum of the distances between scenario w and all
the scenarios in the reduced set. The MIP model below forms a reduced scenario
set with a predetermined size (K) that minimizes the total coverage distance
across all scenarios. For distance calculations, [ = 2 norm is used. At an optimal
solution, u, =1 if w is in the reduced set, and v, =1 if w' is the closest point

to w in the reduced set.

min Z Z ||w7w/||2vw,w/

weR ' e
S.t. Z u, = K

weN

Z Uyl = 1 Yw €
w'en

Uy < Uy Yw,w € Q
u, € {0,1} Yw € Q
v, €10,1} Vw,w € Q

4) Maximum Total Diversity Model (TDM): Diversity distance of scenario
w € Q' is the minimum of the distances between scenario w and w’, Vw' € Q"\ {w}.
Letting d,, denote the diversity distance of scenario w, the MIP model below forms
a reduced scenario set, ', with a predetermined size (K), that maximizes the
total diversity distance across all scenarios in this reduced scenario set. For

distance calculations, [ = 2 norm is used.
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min Z 0w

weQ

s.t. ZUW =K
weQ
0 < ||w, W] gt + M (1 —u) Vw,w € Qw #w
0n >0 Yw € Q
u, € 40,1} Vw € Q

5) MIP formulation to minimize Wasserstein distance with [ norm: The
MIP model below forms a reduced scenario set, Q', with a predetermined size (K)
that minimizes the Wasserstein distance between Q and Q. [ = 1 or [ = 2 norms
are used in the objective function. Wasserstein distance is the distance between
two probability distributions. In the model, 7, represents the fraction of the

e . . !/
probability of scenario w transferred to scenario w .

min Z Z ||w7w/||lﬂ-w,wl

we W' e

s.t. Zuw =K

Zﬂ'w’w/:1 Yw € Q)

Z Mow! = g Vw € Q

u, € {0,1} Vw €
7. >0 Vw,wIEQ

6) Local Search to minimize Wasserstein distance with [ norm: The
method starts with an arbitrary reduced scenario set, Q with a predetermined

size (K'). In our implementation, we choose the first K scenarios. Then, it checks
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for each pair {w',w} : W' € Q,w € Q\ Q whether the Wasserstein distance
between © and (Q \ {w'}) U {w} is less than the Wasserstein distance between
Q and Q. Then, it chooses the best pair and updates the reduced scenario set
by switching scenarios w’ and w. The method repeats these steps and stops after

checking all such pairs.

Algorithm 5 Local Search to minimize Wasserstein Distance

1 Q = {1, ,K}
2: dpest = Wasserstein distance between € and Q'

3 dchcmge = dbest
4: While dchange < dbest

5: dehange=  min  Wasserstein distance between Q and (Q"\{w'})U{w}
W' eQ we\ Q'

6: out,in= argmin Wasserstein distance between Q and (Q'\{w'})U{w}
W' e we\

T if dchange < dbest

dbest = dchange

Q' = (@ {out}) U {in}
10: else
11: STOP
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Appendix E

Conditional Selection Method

Algorithm 6 Conditional Selection Method at iteration v

1: if EEEM?" is infeasible

2: UB =EEEM"

3: if [EEEM"—EEEM"!| > ¢

4: EEEM** = (UB + LB)/2
5: end if

6: end if

7. else

8: if |EEEM'—EEEM"7!| > ¢

9: LB, =EEEM?

10: EEEMY*! =EEEM" + ¢

11: end if

12: else

13: LB, =EEEM"

14: EEEM**! = (LB, + UB)/2
15: end else

16: end else
17: LB = max(LBy, LBs)
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Appendix F

Extensive Formulation

max EEEM

s.t. bij+bj=1 Vi,jel,j>1
a;>a;—M (1—b;;) Vi, jel, j#i
a; <H Vi
> ap=1 Viel, Vwe
nen
> yp=1 Viel, Ywe
ceC
aj+w; >a;+wi —M (1-b;;) Vi, jel, j#i, Ywe

aj+wi >a;+wi +s—M (3-bj-x5,-25,) Vi, je€l, j#i,¥neN, YweQ

a;+w; > ait-wi +s+t7-M (3-bij-ys-ys.) Vi, jel, j#i,VeeC,VweQ

O;<L VneN, Vwel)
O >a;+w;+s+t—H—M (1—z%,) Viel, neN,Vwel)
g7 >wi—n" Viel, Vweld
1
Yt — ¢’ <t Ywel2
0o 2
EEEM<a” Ywe
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?ﬁl:l

Yie=0

a; <M?0;

> bi—([I|=|N|-1)<M(1-6,)

J:JF#i
a;—(m—1)s<M8,,;
(m—1)s—a; <M8,,;

¥ bi—([I|=(m=1)|N|=1)< M6,

G

([=(m)IND)= Y by <MB,;
jii

([=ICN= D biy <My,

J:J#i
SHtmin—0a; <M0O1o,;
(71=1CN= > biy<M(1=b)12,)
3:J#i

> Oi=k+1
m=1

il

ZHHLFU\—Z

il

Z Opt2,=|C)|

el

0202120
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Ywel

Viel, VeelC, 1<i<c, Vwes)

Viel
Viel

Viel
Viel
Viel, m=2,...,k+1

Viel, m=2, ...,k
Viel

Viel
Viel

Viel

VneN, n#|N|, Vwe



S (113 (m-DIN [ m(|C-KIN]))s

0¥+ H>- m=1 Tl Ywe
EEEMe|0, 1)

a’el0,1) Ywe
b;€{0,1} Vi, jel, j#i
a, €7 Vi
zy €{0,1} Viel,neN,Ywe
yee{0,1} Viel, ceC,Vwe
wy, ¢i' >0 Viel, Vwe
n“=0 Yweld
0,)>0 VneN, Vwed
0m:€{0,1} m=1, ..., k+2,Viel
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Appendix G

Dissimilarity with EEEM
Schedules

Table G.1: [ = 1 Distance of schedules to EEEM schedule (based on appointment
times)

Instance
Schedule | 1 2 3 4 5 6 7 8 9 10 | Average
SPT 134 | 55 | 52 | 185 | 180 | 185 | 164 | 150 | 159 | 104 | 136.80
LPT 231 | 496 | 255 | 198 | 157 | 143 | 167 | 230 | 159 | 289 | 232.50
Var 141 | 120 | 26 | 127 | 141 | 118 | 176 | 150 | 174 | 39 | 121.20
CoV 231 | 496 | 255 | 174 | 154 | 143 | 145 | 226 | 140 | 276 224
MAD 141 | 65 | 22 | 185 | 141 | 118 | 176 | 150 | 186 | 39 | 122.30
Baseline | 524 | 292 | 331 | 546 | 600 | 636 | 643 | 535 | 640 | 464 | 521.10
Minmax | 8 5 4 24 | 49 0 27 | 6 0 92 21.50

Table G.2: [ = 1 Distance of schedules to EEEM schedule (based on patient
positions)

Instance
Schedule | 1 | 2 | 3|4 |5 |6 | 7| 8] 9 |10]| Average
SPT 22 118 126 |1 20|20 {22]22(22|20 16| 20.80
LPT 3212228 (24|26 |26(24|22]26 |24 2540

Var 20110 |20 | 28|22 (24 34|12 |16 | 10| 19.60
CoV 34 13026 (26|24 |24(20|22]20 26| 2520
MAD |18 | 8 |22[30(20 (22|34 |16| 14| 10| 19.40
Baseline | 22 | 18 | 26 | 20 | 20 | 22 | 22 | 22 | 20 | 16 | 20.80
Minmax | O | O | O | 2 [12] 0 | 0 |14] 0 | 12 4.00
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