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ABSTRACT

A DATA DRIVEN SOLUTION APPROACH FOR THE HOME HEALTH CARE
PROBLEM

Development in technology and healthcare has extended the average life expectancy globally
and has led to an increase in the elderly population. Due to the change in population and
increase in health awareness, the demand and need of individuals for healthcare services that
prevent and treat diseases have increased as well. Especially during the COVID-19
pandemic, solutions have been developed for patients and elderly people who should not
leave their houses to receive treatment at home. These services are called Home Health Care
(HHC) systems. In the HHC system, there are patients who need to receive treatment at home
and health care personnel who provide various health services to patients at their homes. In
this context, human resource planning in the HHC system is crucial. The decisions that need
to be made in human resources planning for HHC system consist of assigning the health care
personnel to patients, scheduling the visits of health care personnel to patients, and
constructing routes for the visits. The problem that integrates these three decisions is called
the Home Health Care Problem (HHCP). Since HHCP is of NP-Hard complexity, solving it
in an integrated manner within a reasonable time is not always possible. In this thesis, a
HHCP variant that takes continuity of care, time windows of patients, and workload of
operators into consideration is solved using a two-phase solution approach where the
assignment and scheduling problems are handled in the first stage and the routing problem
is handled in the second stage. In order to deal with the possible infeasibility in the routing
stage and achieve high-quality results, the solution obtained from the two-phase approach is
improved using a matheuristic framework that employs a Variable Neighborhood Search
metaheuristic. Within the framework, the resulting routes are evaluated by a data driven
method that estimates the route durations using the geographical locations of the patients
from the historical routing information. In this context, the main topic of this thesis is to
solve the HHCP using a matheuristic framework and to develop a data driven method to

improve the solution obtained by the two-phase approach.
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OZET

EVDE SAGLIK HiZMETLERI SISTEMI iCIN VERIYE DAYALI BiR COZUM
YONTEMI

Gelisen teknoloji ve saglik imkanlari, tiim diinyada ortalama yasam siiresinin uzamasini
saglamis ve yasl niifusun artmasina sebep olmustur. Degisen niifus yapisi ve toplumda artan
saglik bilinci ile beraber, bireylerin hem hastaliklar1 6nleyici, hem de hastaliklarin tedavi
edilmesine yardimei olan saglik hizmetlerine talebi ve ihtiyact artmistir. Ozellikle COVID-
19 salgin1 doneminde evden g¢ikmamasi gereken hastalarin ve yaslilarin evde tedavi
gorebilmesine yonelik ¢oziimler gelistirilmeye calisilmistir. Bu talepler ve ihtiyaglar
dogrultusunda, Evde Saglik Hizmetleri (ESH) sistemi ortaya ¢ikmistir. ESH sisteminde
hastalar ve hastalarin evlerinde onlara gesitli saglik hizmetleri saglamasi gereken personeller
mevcuttur ve bu baglamda, sistem icindeki insan kaynaklari planlamasit 6nemli bir rol
oynamaktadir. insan kaynaklari planlamasi kapsaminda personellerin hastalara atanmasi,
personellerin hastalart ne zaman ziyaret edecegine dair gizelgeleme yapilmasi ve hasta
ziyaretlerinde kullanilacak rotalamalarin olusturulmas: gerekmektedir. Bahsedilen
adimlardan olusan problem, Evde Saglik Hizmetleri Problemi (ESHP) olarak
adlandirilmaktadir. ESHP, NP-Zor karmagiklikta bir problem oldugundan dolay1, biitiinlesik
olarak makul siirede ¢oziilmesi her zaman miimkiin olmamaktadir. Bu tezin ana konusunu
ise bakim siirekliligini, hastalarin zaman pencerelerini ve operatdrlerin is ylikiini dikkate
alan ESHP; ilk asamada atama ve gizelgeme problemlerinin, ikinci asamada ise rotalama
probleminin ele alindig1 bir ¢dziim yaklasimi kullanilarak ¢oziilmiistiir. iki asamali
yaklasimdan elde edilen ¢6ziim, rotalama asamasinda ortaya cikabilecek olasi rotalama
sorunlarin1 gidermek veya yiiksek kaliteli ¢oziimler elde etmek i¢in Degisken Komsuluk
Arama metasezgiseli kullanan bir matsezgisel cerceve icinde iyilestirilmistir. Kullanilan
matsezgisel ¢ergevede; ¢ozlimden elde edilen rotalar, gegmis rotalama verilerinde bulunan
hastalarin cografi konumlar1 kullanarak rota siirelerini tahmin eden veriye dayali bir yontem
kullanilarak degerlendirilir. Bu baglamda, ESHP’yi matsezgisel bir ¢oziim yOntemi
kullanarak ¢6zmek ve iki asamali yaklasimla elde edilen ¢6ziimii iyilestirmek igin veriye

dayal1 bir yontem gelistirmek bu tezin ana konusudur.
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1. INTRODUCTION

The elderly population has increased in recent years as worldwide average life expectancy
has gotten longer. The rise in the elderly population resulted in increasing health problems
such as chronic illnesses, cancer cases, and the number of physically disabled people. Along
with the increasing health problems due to the aging population, the demand for
preventative, protective, and supporting health care services has also increased which has
induced the development of the Home Health Care (HHC) system. The need for the HHC
system has drastically increased, especially during the COVID-19 pandemic as the elderly

people with various health problems required to receive health care services at their homes

[1].

In countries such as Tiirkiye, where the population is aging, the significance of HHC services
is growing day by day. As it is stated in the 582" objective of the Eleventh Development
Plan prepared for Tiirkiye, the coverage of the HHC services is aimed to be expanded in the
most efficient way [2].

In the HHC system, the primary objective is to deliver various medical and social services
to patients at their home where they feel most comfortable, without putting themselves or
their caretakers at risk of infection. This system also results in lower hospitalization expenses

and better capacity as beds will be spared for the patients that require more intense care.

Since there are various patients and operators in the HHC system, the key problem here is to
determine the most efficient way to utilize each operator based on their availabilities and
patient requirements. Such a problem includes capacity planning, assignment of patients to
operators, constructing schedules for operators, and routing of patient visits. In this thesis,
the main focus is the assignment, scheduling, and routing steps of the aforementioned
resource planning, and the problem handling these steps in an integrated manner will be
referred to as the Home Health Care Problem (HHCP). In this regard, the integrated solution
approach of HHCP deals with the assignment, scheduling, and routing problems

simultaneously.

In HHCP, there is a set of patients who need to be visited and a set of operators who will
serve those patients within a specified planning horizon, e.g., a week. The objective of HHCP
can be evaluated under three decisions: assigning each patient to an operator considering



their availability, scheduling the patient visits along the planning horizon, and constructing
routes the operators will use to visit the patients on each day of the planning horizon
considering the time windows of the patients. All of these decisions are considered under
the assumption of full continuity of care, which indicates that the patient-operator
assignments will remain unchanged during the planning horizon. HHCP is classified as a
NP-Hard problem. Therefore, obtaining its optimal solution in a reasonable time may not
always be possible, especially for real-life problems. As more criteria are included in the
problem such as time windows of the patients, the workload capacity of operators, and
continuity of care, reaching a feasible solution within a reasonable time becomes
increasingly challenging. Thus, in the literature, two-phase methods are preferred over the
integrated solution approach [4-7]. In the literature, the two-phase methods are developed
by decomposing the integrated model and solving the assignment, scheduling, and/or routing
problems at different levels [6, 8]. One of those variations is solving the assignment-
scheduling problem (the problem where the assignment and scheduling problems are solved
simultaneously will be called the assignment-scheduling problem from now on) first and
then solving the routing problem with the obtained assignment and scheduling information.
However, this strategy may lead to infeasibility in the routing phase as the visiting sequence
and the time window information are not available when solving the assignment-scheduling
problem. Similarly, due to the lack of routing information in the first phase, low-quality
solutions regarding operator routes can be observed. In order to deal with possible routing
issues and low-quality solutions, data-driven route duration estimation methods are used in
the literature [7].

The primary purpose of the data-driven route duration estimation is to evaluate the routes
each operator must use to visit their patients by utilizing historical data of past routes. In
most cases, the operators may choose to follow a visiting sequence based on the
characteristics of patients and their locations. The routes each operator must follow to visit
their patients impact the assignment or scheduling decisions since the visiting sequences
may be different based on the patient characteristics. In this thesis, only the geographical
locations of the patients are considered in the route duration estimation. Through the
historical data, the routing choices of the operators can be captured and used to obtain high-
quality solutions by incorporating them into the assignment and scheduling decisions.
Therefore, the advantage of using the two-phase solution approach rather than the integrated



solution approach lies in the incorporation of data-driven route duration estimation which

helps achieving high-quality solutions benefiting from the historical routing data.

In this thesis, a data-driven estimation method is developed using a neural network (NN)
model which is a machine learning process operated by a collection of neurons. In order to
make realistic estimations regarding the routing preferences of the operators, the developed
method utilizes geographical locations of the patients visited in past routes. Thus, the data-
driven estimation method provides more insight regarding the newly established routes by
comparing them to past routes based on the locations of the patients. Additionally, the
developed method is compared to a previously developed data-driven estimation method
that uses Kernel Regression (KR) [7]. Two methods are compared based on their
performances on estimating the route durations with geographical locations belonging to
different regions than the ones used in historical data. Based on the results, the NN model is

employed as the estimation method.

Moreover, a matheuristic framework is proposed for the solution of the HHCP by improving
the initial solution obtained from the two-phase solution approach, in which the assignment-
scheduling problem and routing problem are solved consecutively. Matheuristic algorithms
combine metaheuristics and mathematical modeling techniques to provide a feasible
solution. The proposed method comprises a Variable Neighborhood Search (VNS) for
exploring the solution space, and it also modifies the mathematical model of the assignment-
scheduling problem by adding constraints to prevent assigning specific patients at the same
time to an operator if they cause an infeasibility on a route. Additionally, the framework uses
the NN model estimations for evaluating the route durations to overcome the infeasibility
resulting from the assignment-scheduling problem and obtain high-quality solutions by

capturing the historical routing preferences of operators.

1.1. OBJECTIVE OF THE THESIS

In this thesis, the main objective is to enhance the solution obtained from the assignment-
scheduling problem by targeting potential infeasibilities that may arise in the routing stage.
This is accomplished through the use of a matheuristic framework that employs the VNS
metaheuristic and a data-driven approach for estimating the route durations of operators. It

is intended to offer high-quality and feasible routes that take the time windows of the patients



into account as an output of the designed matheuristic framework. The developed solution
method works by investigating the obtained solution iteratively to target the potential routing
issues that are caused by the lack of routing information in solving the assignment-
scheduling problem. Thus, the presented solution approach is aimed to produce feasible
solutions for HHCP that incorporate time window restrictions and satisfy the continuity of

care assumption for a time horizon of one week and a set of operators with identical skills.
Hence, the objectives of this thesis can be listed as follows:

e Solving the HHCP using two-phase solution approach with data-driven method
o Selection of the best data-driven estimation method (i.e., neural network
model)
e Developing a matheuristic framework with a feedback mechanism to improve the

solution quality

1.2. OUTLINE OF THE THESIS

The organization of this thesis is given as follows: Chapter 2 includes a thorough literature
review on HHCP. In Chapter 3, the HHCP is presented. Next, Chapter 4 is dedicated to the
in-depth presentation of the data driven matheuristic framework developed for the HHCP.
Chapter 5 presents the computational experiments. Lastly, the conclusions are drawn

regarding the outcomes of this thesis in Chapter 6.



2. LITERATURE REVIEW

The literature shows that the interest in HHCP has grown in recent years [9-12], and the key
characteristics of different studies regarding HHC are identified by their modeling
approaches and the duration of the planning period. Different modeling approaches consist
of integrated and two-phase modeling approaches, whereas the planning period can be short
or long-term. These studies can also be further classified under different constraints such as
continuity of care, time windows, and maximum operator workload. Additionally, various
aspects of objectives are considered [11] such as lowering the operational costs, minimizing
the traveling time between patients, maximizing patient and operator satisfaction, and
minimizing the operator workload. In this section, a detailed review of the literature
regarding HHC services is provided. The studies are mainly investigated based on modeling
approaches and the planning period, and the details concerning other constraints are also

explained.

As an example of a recent study focuses on the integrated solution approach with a short
planning period, Liu et al. [13] model HHCP in a time horizon of one day while considering
time windows, operator skills, and workload with an objective of minimizing the patients
that can’t be visited. The developed model is solved using the branch-and-price (B&P)
algorithm for up to 100 patients and 12 operators. In another study conducted by Frifita and
Masmoudi [14], a daily model with an objective of minimizing the travel cost is proposed.
The proposed model includes constraints on time windows and operator skills and is solved
by three different VVariable Neighborhood Search (VNS) metaheuristic algorithms for at most
40 operators and 200 patients. Nasir and Kuo [15] model HHCP for a daily planning period
under the constraints of patients’ time windows, operator skills, and maximum workload,
and presented a hybrid Genetic Algorithm (GA) metaheuristic algorithm in order to solve
the model. The proposed method is able to produce feasible solutions for a dataset consisting
of up to 12 operators and 60 patients. In the study of Lin et al. [16], multiple objectives such
as minimizing the total workload, minimizing the total travel time, and balancing the
workload of operators are considered along with constraints on time windows, operator
skills, and maximum workload. The suggested model is then solved with B&P algorithm for
at most seven operators, 13 patients. In the most recent study involving an integrated

modeling approach and a short planning period, Akbari et al. [17] propose an integer



programming model and a General Variable Neighborhood Search (GVNS) metaheuristic
algorithm. The model incorporates time windows of patients and aims to minimize the
waiting time of patients until receiving a service while prioritizing the patients in relation to
their severity. Large problem instances which contain up to 500 patients are used to test the

proposed model.

Integrated models that address a long-term planning period (e.g., one week) are recently
favored in order to provide a solution for more realistic data. For example, Nickel et al. [18]
use an integrated modeling approach to solve problems with a long-term planning period
while minimizing travel and labor costs as well as maximizing the number of patients served.
They also consider time windows and operator skills as additional constraints and used Tabu
Search (TS) and Large Neighborhood Search (LNS) to solve the model for up to 12 operators
and 361 patients. In a similar study conducted by Trautsamwieser and Hirsch [19], the same
constraints are imposed while aiming to minimize the total workload. Therefore, an
algorithm composed of B&P and VNS is presented and it is tested on a large dataset with
nine operators and 203 patients. Similarly, Grenouilleau et al. [20] propose a model with an
objective of minimizing the inconsistency in the continuity of care under the same
constraints but by using the set partitioning heuristic for at most 20 operators and 150
patients. An example that consists of multiple objectives including minimizing total travel
time and the deviation from the patients’ designated time windows is the study proposed by
Mosquera et al. [21]. The model is solved using a two-staged heuristic framework with the
largest dataset containing 28 operators and 127 patients. Another comprehensive research
by Grenouilleau et al. [22] takes into account the continuity of care, time windows, operator
skills, and the maximum workload as constraints and aims to maximize the number of new
patients accepted in the system. In this study, a matheuristic framework is presented and
tested on a small dataset with six operators and 60 patients. Gong et al. [23] minimize
traveling and overtime labor costs together with the penalty incurred by not meeting patients’
preferences and not ensuring continuity of care. The proposed method is built under multiple
operator skills and maximum workload constraints and solved using a matheuristic
methodology. The presented methodology is tested on datasets consisting of up to 100
operators and 40 patients. In another related work proposed by Cinar et al. [24] consider the
time window and maximum workload constraints; however, operator skills and continuity

of care are not incorporated into the model. Furthermore, the objective is to maximize the



prizes acquired from the visited patients, and the prizes are updated in a dynamic structure
throughout the planning horizon. The matheuristic and heuristic algorithms are developed
and tested on sample datasets with 180 patients. Finally, Bhattarai et al. [25] suggest an
integrated model to tackle an HHC problem with the objectives of balancing operators’
workloads, ensuring continuity of care, and meeting patients’ time windows along with
maximizing the revenue obtained by patient visits. They also define the operator satisfaction
levels as a function based on the workload and incorporate them into the model. Instances
with at most four operators and 20 patients are used to assess the performance of the

proposed model.

There are also studies conducted that utilize a two-phase approach for HHCP with a short-
term planning period (e.g., one day). For instance, Yalgindag et al. [7] focus on daily
assignment and routing problems with maximum workload restriction. In this context, they
solve both problems consecutively with an objective of balancing the workloads and
minimizing the travel time. They also concentrate on estimating travel times using Kernel
Regression (KR) which is a data-driven method since the targeted assignment problem is
handled without any information regarding routes, so they suggest an estimation method
based on Kernel Regression (KR) technique. The suggested method is utilized to predict
each operator's travel time by considering the geographic locations of previously visited
patients. They employ a Genetic Algorithm (GA) based solution method in order to obtain
solutions for the assignment and routing problem, and this method is tested on instances up
to 15 operators and 150 patients. Moreover, the study of Chaieb et al. [4] suggests a
decomposition-based model that handles patient clustering, operator assignments to clusters,
and route construction for operators. The model takes into account a variety of objectives,
including minimizing operator and travel costs, balancing operator workloads, and visiting
the maximum number of patients, and is solved using several heuristic methods. The largest

dataset used to test the model includes 28 operators and 154 jobs.

Aside from the ones cited above, some of the studies employing the two-phase modeling
approach take into account a long-term planning period. As an example, Yal¢indag et al. [6]
develop decomposition-based solution approaches for assignment, scheduling, and routing
problems while aiming to balance workload and minimizing the traveling costs. Continuity
of care, operator skills, and maximum workload constraints are all included in all of the

provided solution approaches. The largest dataset which is used in testing consists of 16



operators and 300 patients. As it was previously stated, the routing information is not
available while solving the assignment and scheduling problems; thus, routing constraints
need to be included in the model using estimation methods. Regarding this, Yalgindag and
Matta [26] suggest a probabilistic estimation method in order to incorporate the time
windows in the assignment model; however, the presented method is only tested on small-
sized problem instances with two operators of the same skill and 15 patients. Different from
these studies, Gomez and Ramos [5] emphasize dynamic planning and use a weekly rolling
horizon. Although the continuity of care assumption is satisfied on a weekly basis, Gomez
and Ramos allow the patients to be assigned to different operators between weeks within the
scope of dynamic planning. The model they built minimizes the travel time and the changes
in operator-patient assignments while considering workload balancing. Similar to the
decomposition approach, the assignment problem and the scheduling and routing problems
are solved consecutively. Scheduling and routing problems are modeled based on teams
instead of individual operators, whereas the assignment problem decides which operators
are included in each team. The routing and scheduling problem is solved separately for each
team, assuming each team member is of the same skill while considering the time windows
and maximum workload constraints. The solution method is tested on several problem

instances, the largest of which consists of 12 operators and 60 patients.

This thesis proposes a matheuristic framework for the solution of an HHCP with a one-week
planning period (i.e., long-term) and single-skilled operators. The addressed problem
ensures continuity of care and incorporates maximum workload and time window
constraints. For the developed framework, an initial solution is obtained using the two-phase
approach where the assignment, scheduling, and routing problems are solved on different
levels, and a data-driven machine learning method is developed to estimate route durations
in order to identify the possible routing issues. The initial solution is systematically updated
using a VNS metaheuristic algorithm. The structure of the VNS algorithm evaluates the
solution in terms of the maximum operator workload and workload balance and aims to

improve the solution in both aspects.

In obtaining the initial solution with the two-phase approach, the assignment-scheduling
problem and the routing problem are solved consecutively as proposed by Yalgindag et al.
[6], and a data-driven route duration estimation method is presented similar to the study of

Yal¢indag et al. [7] considering geographical locations of patients. However, the former



study lacks the incorporation of time windows, whereas the latter only solves the HHCP with
short-term planning period and maximum workload constraint. Therefore, this thesis extends
those studies by developing a matheuristic framework to solve a HHCP with long-term
period that considers time windows of patients and maximum workload restriction for
operators. In addition to that, a data-driven route duration estimation method with higher
accuracy is developed and incorporated into the matheuristic framework that is used to solve
the HHCP.

In Table 2.1, comparable studies on HHCP are presented, and the contribution of this thesis
is highlighted.
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Table 2.1. A summary of studies that are comparable to this thesis. (I: Integrated approach,
D: Decomposition approach, ST: Short-term, LT: Long-term, S: Soft, P: Partial, B&P:

Branch-and-price, MILP: Mixed integer linear programming)

Modeling Time Continuity of Time Maximum Data- Solution
Approach Horizon Care Window Workload Driven Strategy
Liuetal. [27] | ST v v B&P
Frifita and -
v
Masmoudi [14] | ST Heuristic
Nasir and Kuo | ST v v Metaheuristic
[15]
Lin et al. [16] | ST v v B&P
Tanoumand and
o v v
Unliiyurt [28] ' L B&P
Nickel et al. -
v v
[18] | LT Heuristic
Trautsamwieser .
v v
and Hirsch [19] | LT B&P, Heuristic
Grenouilleau et -
v v
al. [20] | LT S Heuristic
Grenouilleau et | LT v v v Matheuristic
al. [22]
Mosquera et al. v -
[21] | LT Heuristic
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3. PROBLEM DEFINITION

In this thesis, a framework for solving the Home Health Care Problem (HHCP) is presented.
In the addressed problem, there is a set of patients who require operators to visit them at
home in order to receive health care services. Patients are assigned to operators taking
operators availability and capacity into consideration as well as the balance between their
workloads, and the sequence of the visits is determined for each day of the planning horizon.
In addition to that, there is a certain time window for each patient, and this constraint is also

taken into account in assignment decisions.

In this context, the problem is defined by a completed direct network G = (N, A) with n
nodes belonging to the set N = {1,...,n} where each node j represents a patient. An
additional node is also presumed to be included in the set to define the node which the
operators visit at the start and end of their daily tour. The set A is defined for all possible
paths between nodes in the network, and there exists an arc (j, j') € A with distance denoted

as t;;» corresponding to each node pair (j,j') in set N. The set O is defined for the operators

and the subset 0O; € O consists of operators that are available on day d throughout the
planning horizon denoted with H where d € H = {1, ..., H}. The requirement of patients is
denoted by the vector r; which represents the number of visits required by the patient j during
the time horizon. In a time horizon of one week, this vector indicates the total number of
days each patient has to be visited, and in the HHC literature, this is called the care plan. The
care plan of each patient is determined by using patterns. In this context, the patterns offer a
combination of one or more days of visits to form a care plan for the patients. In order to
demonstrate, let us assume that a patient requires two visits from any operator in a week.
Some of the candidate patterns suitable for that patient could be the patterns with visits
scheduled on Tuesday-Wednesday or Wednesday-Friday, or Monday-Thursday. Each
pattern p is defined in a set P and it is defined as p(d) = 0 if a pattern p suggests that no
visit will be operated on day d. It is also assumed that only a single visit can take place on a
given day. In addition to that, there is a time window during which each patient can be visited
each day. Regarding the time windows, EST,; and LFT4; denote the earliest start time and
latest finish time of service for patient j on day d respectively. Lastly, there is a specific
duration of care for each patient j denoted as s;, and a daily capacity for each operator i that

is defined by a;.
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With all the information provided regarding the HHCP, there are three major decisions to
make in solving the problem. First, each patient must be assigned to an operator which will
remain the same throughout the time horizon as the continuity of care constraint implies.
Second, a pattern must be assigned to each patient that is consistent with their care plans.
Consequently, routes for each operator must be formed for each day a visit is scheduled. In
making these decisions, the capacity of each operator must be considered as well. These
three decisions correspond to the assignment, scheduling, and routing decisions respectively.
Hence, the HHCP is defined as a problem which handles assignment, scheduling, and routing

problems simultaneously in an integrated manner, as illustrated in Figure 3.1.

HHCFP
4 N
Assign Patients to Operators (Assignm ent)

¢ All patients are assigned to an operator (u;;)

¢ Daily workload capacity ig congidered (a;)

Asgsign Patterns to Patients (Scheduling)

¢ Allpatients are assigned a pattern (2,)

¢ DPatients’ care plans are considered (r;)

Define Routes (Routing)

¢ Daily routes are established for each operator (x}}{)

* Time windows of patients ave considered (EST, LFT))

*  Daily workload capacity is considered (a;)

\. /

Figure 3.1. Schema of assignment, scheduling, and routing problems for HHCP

The addressed problem is reduced to the widely recognized Traveling Salesman Problem
(TSP) if modeled for a single day for a single operator. Since TSP is of NP-Hard complexity
[3], HHCP is also of NP-Hard complexity, therefore real-life sized problems cannot be
solved within a reasonable time. Thus, the integrated problem is often solved by
decomposing it into two levels or by using heuristic algorithms. As summarized in Figure
3.2, there are several decomposition approaches that can be used [6]. In the first approach

shown on the left most side of the figure, the assignment problem is solved first and then the
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assignment information obtained is used in solving the scheduling and routing problems
simultaneously. The second approach displayed in the figure is when the assignment and
scheduling problems are solved simultaneously, and the routing problem is handled in the
second phase with the obtained assignment and scheduling information. A third option is to
incorporate the scheduling problem into both phases, which may result in better coordination
between two phases. In this procedure, first, the assignment and scheduling problems are
handled together. Later in the second phase, the scheduling and routing problems are solved
by fixing the values of the assignment variables that were previously obtained in the first
phase. Finally, the integrated solution approach where each of the assignment, scheduling
and routing problems are handled simultaneously is shown on the right most side of the
figure. Although the integrated method yields the best solution in terms of quality and
feasibility, the integrated model is of NP-Hard complexity, hence it cannot be used to solve

realistic problems.

Among the described two-phase solution methodologies, the first method with the
assignment problem in the first level and the scheduling and routing problems on the second
level did not achieve any feasible solutions with any of the problem instances in the
experiments conducted by Yalgindag et al. [6]. Furthermore, it is observed in the referred
study that the second and third decomposition approaches provide near optimal and good
quality solutions in small, medium, and large problem instances. Between the two
methodologies, it is seen that incorporating the scheduling decisions in both levels (the third
option explained above) resulted in higher quality solutions compared to the alternative in
which the scheduling decisions are only made in the first level (the second one). However,
the computational time required to solve the third decomposition method is higher than that
of the second method. Since each one of three main decisions are made without considering
one another in the two-phase solution approaches, these approaches may generate
infeasibility in the second level or low-quality solutions, such as having inconsistent
workloads between the operators. Therefore, in order to address these issues, a matheuristic
framework with a feedback mechanism is developed. The second decomposition approach
is employed within the matheuristic framework as it requires lower computational time, and
it shows no significant difference in solution quality compared to the third alternative. Thus,
an initial solution is obtained with the selected decomposition approach, and the possible
infeasibility arising from the two-phase solution is treated inside the framework.
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Levels
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Figure 3.2. Different decomposition approaches (adapted from [6])
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As mentioned earlier, the decomposition approach adopted in this thesis involves solving the

assignment and scheduling problems synchronously in the first level, and the routing

problem in the second level. The problem in which the assignment and scheduling decisions

are made together is called the assignment-scheduling problem (A+S). The rest of the

chapter is dedicated to detailed explanation of the two-phase and integrated solution

strategies. Below is given the necessary information regarding the notation used in the

mathematical models.

Sets:
A all possible paths, (j,j') € A
H planning horizon, d € H
N set of patients, j € N
0 set of operators, i € O
0; : setof operators available on day d € H
P : setof patterns, p € P
Parameters:

a; . daily capacity of operator i € O



earliest start time of service for patient j € N

earliest start time of service for patient j € Nonday d € H

latest finish time of service for patient j € N

latest finish time of service for patient j € N onday d € H

care plan of patientj € N

service time of patient j € N

Distance between patients j and j', (j,j') € A

average travel time to reach patient j € N

Decision Variables:

YVijd

Yj

jp

)

)

-

)

)

1
0
1
0,
1
0
1

)

0,

if operator i € O is assigned to patient j € N\{0}
otherwise

if operator i € O visits patient j € N\{O}ondayd € H
otherwise

if operator i € O, travels on arc (j,j') € Aondayd € H
otherwise

if the operator travels on arc (j,j') € A
otherwise

start time of visit by operator i € Oy to patient j € N\{O}ondayd € H

start time of visit to patient j € N\{0}

b
0

if pattern p € P is assigned to patient j € N\{0}
otherwise

3.1. TWO-PHASE APPROACH
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In the two-phase approach, the assignment-scheduling problem is solved first, and it is

followed by solving the routing problem in which the information obtained from the

assignment-scheduling problem is incorporated. In this section, the necessary mathematical

models regarding the two-phase strategy are presented.
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3.1.1. Mathematical Model of The Assignment-Scheduling Problem (A+S)

In the assignment-scheduling problem, operators are assigned to patients and the visiting
schedules are determined through the assignment of patterns to each patient. These decisions
are made considering the workload of the operators. The workload can be defined as the total
time spent by the operator traveling between the patients and serving each patient, and there
exists a daily workload capacity for each operator. Since the travel times between patients
are not yet available at this stage, an estimation regarding the route durations is made, and
this estimation is utilized in computation of the workload for each operator. Such an
estimation can be made by simply calculating the average time to reach each patient from
all other nodes including the depot [6] as displayed in Equation (3.1) below.

1 (3.1)
=g Z tjr

j#j

Following is the mathematical model for the assignment-scheduling problem.

Min. m, (3.2)
s.t. Zuij -1 VjEN (3.3)
i€0
_ VjEN 3.4
D=1 j (34)
pPEP
jEN
id vj' € N\{0},vd € H 3.6
It > g, j' € N\{0} (36)
JEN i€e0 peP:p(d)=1
Z 2 x4 > Z 2 Vj' € N\{0},Vd € H (3.7)
JEN i€] pPEP

x}?;.i, < v(j,j') €A Vd € H,Vi € 0,4 (3.8)



17

Yaen Dig —m Vi€eO (3.9)
a.H ~— ¢

u;; € {0,1} vj € N\{0},Vie O (3.10)

ufi € {0,13 v(j,j") € A,¥d € H,Vi € 0,4 (3.11)

zj, € {0,1} vj € N\{0},p e P (3.12)

In the presented model, the objective function (3.2) aims to minimize the workload of the
operator with the maximum workload (m,,) calculated in (3.9). Constraints (3.3) ensure that
each patient is assigned to exactly one operator. Similarly, constraints (3.4) guarantee that
each patient is assigned exactly one pattern. Constraint set (3.5) computes the daily workload
of each operator utilizing the average travel time estimation provided in (3.1) and ensures
that the daily workload capacity of the operators is not exceeded. Constraints (3.6) and (3.7)
connect the assignment and scheduling variables. In detail, constraints (3.6) ensure that a
patient can only be visited by a particular operator on a certain day if a visit is scheduled for
that patient on that day. Constraints (3.7) state that an operator must visit a patient on a
particular day if a visit has been scheduled for that day. Constraints (3.8) ensure that in order
for an operator to visit a patient, they must be assigned to each other. Lastly, constraints
(3.10-3.12) state the domain restrictions.

3.1.2. Mathematical Model of The Routing Problem (R)

Upon solving the assignment-scheduling problem, the visits each operator must make every
day throughout the planning horizon are determined. This information is used in establishing
routes that each operator must follow for each scheduled patient visit. Therefore, a Traveling
Salesman Problem with Time Windows (TSPTW) is solved at the routing phase for each

operator and for each day on the planning horizon.

Min. 3.13
z tjjr x5 (3.13)
VjEN Vj'eN

y; = EST; Vj € N\{0} (3.15)
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vj — ¥y + (LFT; — EST;s + t;;r) - vj € N\{0},Vj’" € N\{0} (3.16)
xj;» < LFT; — ESTs
Y xy =1 vj' € N\{0} (3.17)
jEN

xp=1 vj € N\{0} (3.18)
j'€NN(0}
Yj ttio = Yo vj € N\{0} (3.20)
y; =0 Vj EN (3.21)

The objective function (3.13) minimizes the total distance traveled. Constraints (3.14)
compute the time at which the patient is reached once the operator leaves the depot.
Constraints (3.15) ensure that the service does not start before the earliest start time.
Constraints (3.16) is the subtour elimination constraint. Constraint sets (3.17) and (3.18)
guarantee that each patient is visited exactly once. Constraints (3.19) guarantee that the
service must be completed before the latest finish time. Constraints (3.20) compute the finish
time of the tour. Lastly, (3.21) and (3.22) are non-negativity and domain restriction

constraints respectively.
3.2. INTEGRATED APPROACH

In solving the integrated model, all decisions regarding the assignment of patients to
operators, scheduling the patient visits through pattern assignments and establishing routes

for patient visits are made concurrently.
3.2.1. Mathematical Model of The Integrated Problem

Min. m, (3.23)
st Z“U _q Vj €N (3.24)
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Vi €N 3.25
Z ij =1 J ( )
pEP
x4 — Xid vj' € N\{0},vd € H,Vi € 0,4 (3.26)
ji' = j'J
JEN JEN
Dy = Z (5 +¢,1) x]L]d, <q VAEHVIEO, (3.27)
(j,j")ea
Vija+ S+t — M- (1 _ x];;;,) Vj € N,Vj' € N\{0},vd € H,Vi (3.28)
€0
< Yij'a £
ESTiq — M- (1—w;) < ija Vj € N\{0},vd € H,Vi € 04 (3.29)
Vija+si—M-(1—w;)=LFTj; Vj€N\{0},Vd € H,Vi € 04 (3.30)
id vj' € N\{0},vd € H 3.31
Z zx;j, < z z, j' € N\{0} (3.31)
JEN i€0 peP:p(d)=1
Z z Z Vj' € N\{0},vd € H (3.32)
]] >
JEN i€] pEP
xX[h <y v(j,j') € A,vd € H,Vi € 0,4 (3.33)
U < Z Z x4 vj' € N\{0},vi € 0 (3.34)
JEN deH
Yiaen Dia “m Vie O (3.35)
a; - H u
u;; € {0,1} vj € N\{0},Vie 0 (3.36)
x €{0,1} v(j,j) € A,vd € H,Vi € 04 (3.37)
Yija=0 Vj € N,Vvd € H,Vi € 0,4 (3.38)
zj, €{0,1} vj € N\{0},p e P (3.39)

In the provided model, the objective function (3.23) minimizes the utilization rate of the
operator who has the maximum utilization rate (m,) among the operators in the resulting
assignments. With this objective function, it is aimed to balance the workload of the
operators. Constraint set (3.24) enables that each patient is assigned to exactly one operator

over the time horizon. It is crucial for continuity of care that the operator-patient assignment
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remains the same throughout the planning horizon. Constraints (3.25) ensure that each
patient is assigned to a pattern. Constraints (3.26) are the flow conservation constraints
regarding the routing variables. Constraint set (3.27) computes the workload of each operator
(D;q) based on the total time spent on the route and the time spent serving the patient on the
specified day. These constraints also ensure that the daily capacity of the operators is not
exceeded. (3.28) are subtour elimination constraints that also compute the start time of
service on patients for each day. It should also be noted for those constraints that the values
of yo4 and s, are assumed zero. Constraint sets (3.29) and (3.30) ensure that each patient is
visited during their designated time windows where (3.31) and (3.32) connect the scheduling
and routing variables. Constraints (3.31) impose that a patient must be scheduled a suitable
pattern if they are to be visited on a particular day, whereas constraints (3.32) guarantee that
a patient is visited on that day by exactly one operator if they are scheduled a visit for that
day. Constraint sets (3.33) and (3.34) link the assignment and routing variables. Constraints
(3.33) ensure that an operator can visit a patient only if they are assigned to each other. (3.34)
prevents an operator from being assigned to a patient if the operator never visits that patient
over the planning horizon. Constraints (3.35) compute the workload of the operator with the
maximum workload (m,,) among all operators. Finally, (3.36) - (3.39) are domain restriction

constraints for variables and M is a very large number.
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4. DATA DRIVEN MATHEURISTIC FRAMEWORK FOR THE
HOME HEALTH CARE PROBLEM

As it was previously stated in the earlier chapters, we attempt to solve the integrated problem
of HHCP by following the two-stage solution approach due to its NP-Hard complexity. The
two-stage solution approach consists of the assignment-scheduling problem and the routing
problem which are solved consecutively. However, the assignment-scheduling problem does
not include any decision variables for routing and takes average travel times into
consideration for route duration estimation. Hence, the time windows of the patients are
neglected. As a result, this method may often yield infeasible routes later in the routing stage.
This chapter is dedicated to the matheuristic framework we developed to produce a feasible
and high-quality solution by improving the solution of the two-stage method.

4.1. MATHEURISTIC FRAMEWORK

As displayed in Figure 4.1, the proposed matheuristic framework mainly consists of three

stages.
Stage 1 (A-S):
Solution of the Assignment-Scheduling Problem
L 4
Stage 2 (R):
Solution of the Routing Problem
Evaluation of the Quality and Feasibility of the Solution
Routing Problems * Add Constraints
* Update Parameters
Improvement:
Improving the HHCP Solution

Figure 4.1. The proposed matheuristic framework for HHCP

First, the assignment-scheduling problem is solved, and the initial operator-patient and

pattern-patient assignments are obtained. In solving the assignment-scheduling problem, the
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routing constraints are neglected and average travel times of all patients to be visited in a

route are used to estimate the route duration parameter existing in the mathematical model.

In the second stage, the routing problem is solved in order to establish the routes that each
operator must utilize on each of the days that they are available. In solving the routing
problem, the assignment and scheduling decisions obtained from the previous stage are used.
At this stage, the solution may turn out to be infeasible due to negligence of routing
constraints in the previous stage. If the infeasibility is due to violation of time windows, it is
essential for the upcoming improvement stage to detect the source of infeasibility. For this
purpose, a set of deviational variables are incorporated into the routing problem. When a
patient’s time window is violated, the mentioned variables take a non-zero value. For each
route, the information of the patients for which the deviational variables take a non-zero
value is stored and utilized in the algorithm in order to decide on the modification that will

be made in the current solution during the improvement stage.

In the third stage, the initial solution found in the first stage is enhanced in an iterative
manner by utilizing mathematical modeling techniques and Variable Neighborhood Search
(VNS) metaheuristic. In the improvement stage, the solution space is meticulously explored
with the goal of arriving at a feasible solution while avoiding low-quality solutions. This is
achieved by iteratively updating the solution and solving the routing problem, therefore
creating a feedback mechanism between the second and third stages. In the adopted VNS
algorithm, the route duration must be estimated in order to assess if the change to be
implemented has a favorable influence on the solution or not. For this purpose, a neural
network model is employed in predicting the route durations. The incorporation of VNS and

neural network model is further explained in the upcoming sections.

4.1.1. Machine Learning Method for Route Duration Estimation

Following the solution of the assignment-scheduling problem, two major problems can arise.
One of them is having a large difference in the length of the routes each operator must follow.
Another potential problem is failing to construct routes that satisfy the time window
constraints of the patients. In both cases, the problem needs to be recognized in order to
make the necessary adjustments to the solution. In addition to that, in some cases the

operators’ routing preferences may change due to different geographical features, and the
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estimation method enables embedding the past preferences to the solution by utilizing
historical routing data. Therefore, a route duration estimation method is developed to be used
inside the metaheuristic algorithm within the matheuristic framework. According to this
method, an estimation is obtained for each day an operator must operate along the planning
horizon. In the literature, a time travel estimation method has been proposed by Yal¢indag
et al. [7], based on the Kernel Regression (KR) technique, which is a non-parametric
regression method that does not rely on a specific assumption regarding the distribution [30].
This method uses patients’ geographical locations and the route durations observed in the
historical routing data. Let /] = {1, ...,/} be the set of patients an operator must visit on a
particular day, where the 2/-dimensional vector x = {x;,i =2(G - 1)+ Lj€ ], 1 =1,2}
denotes the geographical locations of patients in set /. The set S; = {1, ..., 5} contains the

historical routes where J patients are visited where y° = {yJ,s € S;} is a vector that holds

the durations of historical routes whereas the vector x° = {x2,i =2( - 1)+ Lj €/l =
1,2,s € §;} with dimension S x 2] that contains the geographical locations of the patients

visited in the historical data.

The KR technique computes the value of the random variable Y according to X, namely as
E(Y|X), and the relationship between X and Y is defined as Y = t(X) + ¢. In this context, T
denotes an unknown function where & is defined for an independent and identically
distributed error term with a mean of zero and variance of o2(X). In this case, the
multivariate KR method which estimates the value of variable Y conditionally on the value
of the exogenous variable X also calculates the following conditional expectation value:
E(Y|X) = E(Y|xy, ..., x2;) = T(x). In this formulation, x represents the patients in set J that
will be visited. Nadaraya-Watson estimator can be used to estimate the unknown function of

T which is defined in the following equation:

(4.1)

In Equation (4.1), K(.) denotes the 2/-dimension kernel function, where h denotes the

bandwidth vector, and finally x? = (x?,, ...,xgz,) represents the geographical location of
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each patient in the set J on route s. The Gaussian kernel function is one of the most popular

Kernel functions, and it is described as follows:

2

1
K(Zs) = l—lie]\/T_T[e st (42)

0 p— .
It should be noted that in the given equation, zy; = (%) andJ = {1, ...,2P}.

It is observed that the KR method does not perform well if the patient coordinates to be used
for estimation are far away from the coordinates on the past routes. Furthermore, the method
can only be used if the number of patients on the routes provided in the historical data and
the data for which the estimation is sought are the same. The proposed estimation method
employs a neural network model, and it aims to improve the mentioned shortcomings of the
KR method.

Neural networks (NN), also known as artificial neural networks (ANN), can be defined as a
collection of algorithms that perform tasks involving training and optimization inspired by
the human brain [31]. Each unit in the NN is called a neuron, and a set of neurons combined
together forms layers. In a basic NN structure, there is an input and an output layer.
Additionally, most of the structures include one or more hidden layers. Every neuron or unit
in the network is connected to other neurons by weighted connections. Through the input
layer, the information is fed into the network and the data is transmitted between the units
all the way to the output layer where the final output is produced. The neurons, or units, are
fired or activated according to an activation function. The weights in the NN are updated
after each new data is fed through the network which enables it to “learn” patterns in the
data. As a result of this well-designed structure, NN can explain complex functions and
therefore are widely used in the machine learning field.

The NN model employed in route duration estimation is trained by utilizing patients’
coordinates and historical routing data similar to the previously mentioned KR approach.
Different from the KR method, the trained NN model can handle the difference in the
locations of the patients and can work with routes in which there are different numbers of

patients. Therefore, a model is trained once at the beginning of the matheuristic algorithm
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using a large set of historical data, and estimations are obtained using the trained model
throughout the algorithm. The historical data used in training the NN model consist of
information about the past routes of different lengths. In order to deal with varying route
lengths, the maximum number of patients in a route needs to be determined first. Since the
routes consist of patients an operator visits on a specific day, this decision is made according
to the maximum number of patients that can be visited on any day in relation to the size of
the problem. This decision defines the dimension of the historical data. Let us define the
maximum number of patients in any route with n,,,,. Then, any row in the historical data
with n,,,, patients on it would consist of 2(n,,,, + 1) columns where 2n,,,, columns
correspond to the x and y coordinates of the patients on the route and 2 columns correspond
to the x and y coordinates of the depot at which each route starts and ends. Moreover, any
route with n patients where n < n,,4,, x and y coordinates of the depot are used to fill in
the 2(nyqx + 1) — 2n columns remaining from those used for the location information of
the patients on the route. Finally, a set of historical data for all possible route lengths up to
Nmare Patients is provided to the NN model in the form described in detail for training

purposes.

4.1.2. Variable Neighborhood Search for The Home Health Care Problem

Recently, the Variable Neighborhood Search (VNS) metaheuristic has become prominent
due to its efficacy, particularly in routing and scheduling problems [32-34]. Therefore, we

decided to utilize a VNS algorithm within the proposed matheuristic framework.

In the VNS algorithm proposed by Hansen and Mladenovic [35], the search is performed
over k... predetermined neighborhoods within a set Ny, where k = {1,2, ..., kppax}- The
main rationale behind the algorithm is to improve the initial solution x by modifying it using
these neighborhood structures. During the search for a better solution, the neighborhood that
is used to generate other solutions is systematically changed. Below, the algorithm of the
basic VNS structure is provided.
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Algorithm 4.1. Basic VNS algorithm

Function VNS (x, kmax tmax):
x = InitialSolution ()
t = CurrentTime ()
while t <ty
k=1
improvement = 0
number_of _iterations = 0
while k < kyqx:
number_of _iterations = number_of _iterations + 1
x' = LocalSearch (x, Ny)
if x" is better than x:

x=x'
improvement = 1
else:
k=k+1
end
if number_of _iterations = 10 and improvement = 0:
x = Shake (x)
k=1

improvement = 0
number_of _iterations = 0
end
end
end
return x

Given a set of neighborhood structures, the basic VNS algorithm initiates by generating an
initial solution x and iterates until a defined terminating condition (e.g., a time limit) is
satisfied. Starting from the first neighborhood, a local search procedure is applied on solution
x, and a local optimal solution x’ is obtained. The new solution x' is evaluated in two
aspects: the objective function value and the feasibility. If solution x is feasible, then it is
replaced with x" when it yields a better objective function value. Otherwise, the replacement
is made only if a feasible solution x’ is obtained. In all remaining scenarios, the search
continues from the next neighborhood. If no improvement is made in the current solution for
10 consecutive iterations, a random solution is generated in the shaking step using one of the
shaking procedures and the current solution x is replaced with that random solution. Further

along this section, the VNS algorithm is discussed in depth.
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The algorithm works with a set of four neighborhoods and two kinds of shaking procedures.
The VNS algorithm employs the following neighborhoods in the given order: patient group
restriction, pattern change, patient swap, and operator change. The initial solution x is
provided to the algorithm by solving the assignment-scheduling problem with a limited set

of patterns, and the patterns employed in the solution may change throughout the algorithm.

The algorithm begins with a local search procedure, which is the backbone of the method.
In the local search, the motive is to find a local optimal solution by performing diverse
changes on the current solution. The following is a detailed explanation of how the

mentioned neighborhood structures work.
I. Patient Group Restriction

This neighborhood is mainly dedicated to eliminating the infeasibility in the current solution
by imposing constraints on a subset of patients who cannot be visited by the operators
without violating time windows. Therefore, the first step of this neighborhood is to detect
such patients. For this purpose, the routing problem containing a set of deviational variables
is solved. In case of a time window violation, the deviational variables for the corresponding
route take a non-zero value indicating that there is an infeasibility for the route. The
neighborhood stores the groups of patients in infeasible routes in a list called the Restriction
List (RL). This list is used to add the necessary restriction constraints whenever the
assignment-scheduling model is solved throughout the algorithm. Depending on the result
of the move attempted by the neighborhood, the list is updated by adding a new set of
patients. Concisely, each element in the RL consists of a group of patients that can cause

infeasibility on the route whenever they are visited all together.
The steps performed in this neighborhood are described in detail below:

e For each daily route, RL is created such that it contains patients on the route whose
deviational variables have a non-zero value. If there is more than one such patient on
aroute, they are all added to RL. If there exists only one such patient, then all of the
patients scheduled for that day are added to RL. Lastly, no patients are added to the
list if there is no time window violation in the route.

e A set of constraints are added to the assignment-scheduling problem for each group

of patients in RL. The following equation displays the extra constraints to be added.
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d
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The set NR; represents the group of patients in RL for day d in time horizon H where
NR; € N. The constraints aim to prevent all operators from visiting the particular
set of patients on any day during the time horizon.

e The assignment-scheduling problem is solved by adding the new set of constraints
while keeping the operator assignment variables fixed for all other patients on routes
with no time window violation.

e |If the assignment-scheduling problem returns a feasible solution, then the RL is
updated to be used later throughout the algorithm. Otherwise, the algorithm proceeds
with the next neighborhood after deleting the previously added patients from the RL.

e Consequently, the routing problem is solved to check whether the solution has
improved in terms of the objective function value or feasibility. If it has improved,
then the current solution is updated, and the algorithm continues with the same
neighborhood until the solution cannot be further improved. Otherwise, the pattern

change neighborhood is executed.

I1. Pattern Change

This neighborhood aims to reduce the workload of the day with the highest workload by
assigning different patterns to patients scheduled for that day. The alternative patterns are
drawn from a predetermined set of patterns defined in the algorithm during the initialization
step. To ensure a fair comparison with the solution of the integrated model, the matheuristic
algorithm is restricted to utilizing only the predetermined patterns, because the integrated
model cannot handle a large set of patterns.

In the pattern change neighborhood and the next two neighborhoods, changes that we
perform relate to the patients visited on a given day by a certain operator. Therefore, starting
from this neighborhood, the term “day/operator combination” to define each day each
operator visits their assigned patients, and this term is used throughout the remainder of the

section.

The steps performed in this neighborhood are described in detail below:
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e The day/operator combination with the highest workload is determined.

e A patient who is visited in the day/operator combination is randomly selected.

e Considering the number of days of service required by the selected patient, a new
pattern is randomly chosen from the predetermined set of patterns such that no patient
visit is needed on that specific day within the selected pattern.

e If there exists no such pattern for the selected patient, then the last two steps are
repeated until a patient is found for whom a pattern change can be made. The
algorithm proceeds to patient swap neighborhood if no pattern change is possible for
the patients scheduled on that day.

e Once the move is identified, the pattern-related variables in the assignment-
scheduling model solution are updated based on the change.

e The workload for each day/operator combination is estimated using the NN model.
If the maximum workload is estimated to be reduced by the move, then the new
solution is saved as a candidate solution. If not, the obtained solution is still accepted
as a candidate solution with a 25% probability in order to account for potential errors
in the NN model estimation.

e Finally, the routing model is solved for the returned candidate solution and the
objective function value is evaluated to determine if any improvement has been
achieved. If the resulting objective function value is better than that of the current
one or a feasible solution is obtained from an infeasible one, then the current solution
is updated, and the algorithm continues with the pattern change neighborhood
repeatedly so long as the solution is improved. Otherwise, the patient swap

neighborhood is initiated.
I11. Patient Swap

The main objective of this neighborhood structure is to balance the days with the highest and
the lowest workload. This is achieved by swapping the assigned operators of the patients
who are visited on the identified days if it is possible. The swapping operation does not affect
the patterns the patients are visited in the current solution; the swapped patient is visited on

the same days by another operator.

The steps performed in this neighborhood are described in detail below:
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e The first step of this neighborhood is to determine the operators who will exchange
patients. In order to make this decision, the day/operator combinations with the
highest and lowest workload are determined first. If both days are operated by the
same operator, then another day is selected instead of the day initially chosen for the
minimum workload, however the day with the maximum workload remains the same.
This is achieved by first selecting another operator who is different from the one that
operates on the day with the highest workload. Then, the day that the selected
operator has the least workload is identified.

e Next, a patient is randomly chosen for the swap operation from each of the
day/operator combinations identified in the previous step. Necessary updates are
made in the patient assignment variables in the assignment-scheduling model
solution to reflect the change to the current solution so that the selected patients are
swapped between the selected operators. This update is done through the patient
assignment variables in the model.

e The workload for each day/operator combination is calculated using the estimations
obtained by NN. If the maximum workload is estimated to be reduced by the move,
then the new solution is maintained as a candidate solution. Otherwise, the obtained
solution is still accepted as a candidate solution with a 25% probability in order to
account for potential errors in the NN model estimation.

e Finally, the routing model is solved for the returned candidate solution, and the
resulting solution is assessed in terms of the objective function value or feasibility to
check whether any improvement has been accomplished. If so, the current solution
is modified, and the algorithm repeats the patient swap neighborhood until the
solution is no longer improved. If no improvement is made, then the operator change

neighborhood is activated.
IV. Operator Change

In order to reduce the workload, this neighborhood concentrates on the day/operator
combination with the highest workload. This is accomplished by removing one of the
patients scheduled for that day from that operator and assigning that patient to another
operator. Similar to the patient swap neighborhood, the patient is visited on the same days
by the newly assigned operator.
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The steps performed in this neighborhood are described in detail below:

The neighborhood initiates by identifying the day/operator combination with the
highest and lowest workload. If both days are operated by the same operator, then
another operator is randomly chosen among other operators in order to determine the
operator to which the patient will be transferred.

A patient is randomly picked among the ones who are visited by the operator in the
day/operator combination with the highest workload. Afterwards, the patient
assignment variables in the assignment-scheduling model solution are updated so
that the selected patient is transferred from the operator who operates on the highest
utilized day/operator combination to the one who operates the lowest utilized
day/operator combination determined in the previous step.

The workload for each day/operator combination is estimated using the NN model.
If the maximum workload is estimated to be reduced by the move, then the new
solution is kept as a candidate solution. Otherwise, the obtained solution is still
accepted as a candidate solution with a 25% probability in order to account for
potential errors in the NN model estimation.

Finally, the routing model is solved for the returned candidate solution, and the
objective function value is assessed to check whether any improvement has been
accomplished. If the resulting objective function value is less than the current one or
a feasible solution is obtained from an infeasible one, the current solution is modified,
and the algorithm repeats the operator change neighborhood until the solution is no
longer improved. If no improvement is made, then there are two options. The shaking
procedure is executed if the necessary conditions are satisfied. The conditions and
the shaking procedure are explained in detail later in this section. Otherwise, the
algorithm repeats the aforementioned neighborhood structures in the given order
starting from the first one, namely the patient group restriction neighborhood.

The VNS algorithm scans the four neighborhoods as described above as long as the current

solution can be improved. If no improvement can be achieved in 10 consecutive

neighborhood scans, then a shaking procedure is applied to restart the search from a new

region of the solution space. The proposed framework involves two types of shaking

procedures: swap shake and pattern shake. These two procedures are different in terms of

the magnitude of the change they induce in the solution. The decision of which shake
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procedure will be used in each iteration is determined probabilistically for each type. Swap
shake is applied to the solution with 20% probability, whereas pattern shake mechanism is
utilized with 80% probability.

I. Swap Shake

This shake procedure aims to change the current solution by swapping a number of patients

between two operators. The steps performed in this procedure are described in detail below:

e A pair of random operators are picked from the set of operators.

e From each of the previously selected operators, one-third of the patients assigned to
them are randomly picked.

e The selected patients are then swapped between the two operators. This change is
reflected in the solution by updating the patient assignment variables in the
assignment-scheduling model solution.

e Sequentially, the assignment-scheduling problem is solved by fixing the values of
the patient assignment variables that were updated according to the swap operation.

e If the obtained solution is feasible, it replaces the current solution. Otherwise, the

current solution does not change.
Il. Pattern Shake

This shake procedure attempts to change the current solution by introducing new patterns to
the model from the list of predetermined patterns. The steps performed in this procedure are

described in detail below:

e First, a pattern that is not used in the current solution is selected from the pattern
pool.

e Next, the selected pattern is added to the set of patterns of the current solution and
the assignment-scheduling problem is solved with the updated set of patterns.

e If the obtained solution is feasible, it is accepted as the current solution. Otherwise,

no change is made in the current solution.

Following the shaking procedure, the algorithm continues with the neighborhood scanning

procedure and the loop is repeated until the terminating criterion is reached.
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5. COMPUTATIONAL RESULTS

In this chapter, results of the computational experiments for evaluating the performances of
the proposed route duration estimation method and matheuristic framework are presented.
The matheuristic algorithm, the NN model, and all mentioned mathematical models are
coded in Python 3.8, and the models are solved using CPLEX 20.1.

In Section 5.1, we provide the results of an experiment that compares the performance of the
two route duration estimation methods along with the description of the data generation
method used for creating the TSP instances utilized for this comparison. Next, Section 5.2,
we introduce the procedure for constructing the HHCP instances used for evaluating the
performance of the proposed matheuristic framework followed by the computational results

on the matheuristic performance.

5.1. PERFORMANCE COMPARISONS OF THE ROUTE DURATION
ESTIMATION METHODS

Within the matheuristic framework, the solution is iteratively updated using the VNS
metaheuristic. As explained in the previous section, an NN model is employed in the VNS
algorithm to obtain the route duration estimates after making a certain update in the solution
in order to identify the workload of each operator. Depending on the result, the new solution
can be accepted as a candidate solution. Hence, the NN model is utilized in the evaluation

of a certain move within the VNS algorithm.

In the study conducted by Yalgindag et al. [7], the KR method is used to estimate the route
durations of operators. The developed NN model is compared with the previously presented
KR method. In this section, the results regarding this comparison are provided. A set of TSP
instances is generated to test the performance of both methods. The following subsection

describes the method used to generate these instances.
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5.1.1. Generation of the TSP Instances

Yalgindag et al. [7] observed that the KR technique does not perform well if the locations of
patients used in the estimation are far away from those in the historical data used in
construction of the Kernel estimator. Therefore, comparisons are made considering this
deficiency of the KR method. In this context, three groups of data are generated as follows:

e Historical patient locations, or the training data
e Test data consisting of patient locations that are far away from the training data

e Test data consisting of patient locations that are nearby the training data

e Patient Locations for Training
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Figure 5.1. lllustration of a sample TSP instance generated using the described method

The terms “training data” and “historical patient locations” refer to the data used to build the

NN model and the Kernel estimator in the KR technique. Therefore, these terms essentially
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refer to the same data and will be used interchangeably throughout the rest of the chapter.
Furthermore, test data include locations of patients along a certain route for which the route

duration must be estimated.

In order to generate the training data consisting of historical patient locations, first a number
of cities are marked in a specific area. Then, the historical patient locations are generated
such that their x and y coordinates are distributed around those of the predetermined city
locations by a deviation sampled from a normal distribution with a mean of one and standard
deviation of 0.5. In Figure 5.1, the cities are represented in red color, and the blue dots show
the location of patients in the historical data (i.e., training data). Green dots denote the patient
locations that are nearby the locations in the training data. Their coordinates are generated
in a similar way to the training data itself, except this time the parameters for normal
distribution are chosen as three and one for the mean and the standard deviation, respectively.
Next, black dots show the patient locations further away from the historical data. A similar
procedure is followed in the generation of those locations, and this time the corresponding
parameters are set to 60 and 3.5 for the mean and the standard deviation. Lastly, the orange
dot represents the depot. It is assumed that each route in the historical data starts and ends at
the depot illustrated in the figure. The historical data used in training both estimation
methods consist of the x and y coordinates of the patients visited on each route as input and
the duration of the corresponding route as output. In the experiments, routes consisting of
four and eight patients are considered to evaluate the performance of both methods on routes
with different numbers of nodes. In addition to that, the effect of the size of the training data

is also investigated. The problems can be summarized in Table 5.1 below.

Table 5.1. Summary of the problems used in the comparison of the estimation methods

Problem Number of Patients on Size of the Size of the

Instance Each Route Test Set Training Set
F-4 4 1000 250-500-1000
N-4 4 1000 250-500-1000
F-8 8 1000 250-500-1000
N-8 8 1000 250-500-1000
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In the above table, the problem instances are named according to their distances from the
locations in the training data and the number of patients they contain on each route. The
instances with “F” in their names consist of locations further away from the historical data,
whereas the letter “N” stands for instances consisting of locations nearby the historical data.
The numbers denote the number of patients each instance has on each of its routes, and each
problem is tested using a test set composed of 1000 rows (routes). Both estimation methods
are trained with the same historical data of 250, 500, and 1000 rows and tested using the

instances described above.
5.1.2. Test Results on the Comparison of Route Duration Estimation Methods

The rows in each problem instance are divided randomly into 10 groups, and 100 estimations
are obtained for each group using both estimation methods. The estimation error is calculated
using Mean Absolute Error (MAE) which is defined in Equation (5.1) where y; represents
the real route duration obtained by solving the TSP, x; is the route duration estimate from

the estimation method, and n is the size of the test data (100) for each group.

Z?:llyl' - xil
MAE = ———
- (5.1)

MAE values of 10 groups of test data are obtained to compare the performances of the two

methods. The comparisons are made using the average MAE values of 10 groups.
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Comparison of Kernel Regression and Neural Network

Test Instance = F-4 Test Instance = N-4
350

301.17  299.97 29929
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Method Method

Size of the Training Data
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Figure 5.2. Performance comparison of route duration estimation methods on problems

with four patients, F-4 and N-4

Above, Figure 5.2 reveals the significant gap in errors between KR and NN estimations for
the problem instance F-4. As it was stated by Yal¢indag et al. [7], the KR technique cannot
adapt to the difference between the locations well, therefore the error is much higher for
instance F-4 than N-4. When the estimations are made for instances near the historical
location data, the performances of both methods are similar. However, it is observed that
NN estimations are better than KR regardless of the instance type. It also appears that the
performance of NN is improved as the size of the training data increases for both problem
instances whereas the improvement in the performance of the KR method with more training
data is quite limited. This result suggests that the NN is more capable of taking advantage of
additional data than KR.
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Figure 5.3. Boxplot of the MAE values of the KR method on problems F-4 and N-4
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Figure 5.4. Boxplot of the MAE values of NN model on instances F-4 and N-4
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As shown in Figure 5.3 and Figure 5.4, the KR approach has a lower range and interquartile
range of error than the NN model overall. However, the range of errors in NN estimations

decreases as the size of the training data is increased.

When the number of patients on each route is increased to eight, it is discovered that the
error in the estimations of both methods also increases. In contrast to Figure 5.2, Figure 5.5
shows for the problem N-8, there is no significant difference between the methods with
smaller training data. Although the performance of the NN seems to have worsened for these
problem instances, when it is trained with a large enough data set, it surpasses the

performance of the KR method.

Comparison of Kernel Regression and Neural Network
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Figure 5.5. Performance comparison of route duration estimation methods on problems
with eight patients, F-8 and N-8
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Figure 5.6. Boxplot of the MAE values of KR method on instances F-8 and N-8
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Figure 5.7. Boxplot of the MAE values of the KR method on instances F-8 and N-8
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Figure 5.7 also illustrates that the NN model struggles in estimating route durations for with
more stops on each route when patients are further away, and it is seen that the errors are not
as stable compared to the performance presented in Figure 5.4. Nevertheless, the

performance is increased if the NN model is provided with more training data.

The tests show that the NN model delivers better estimates of the route duration than KR
whether the tested locations are far apart or near the historical locations. Moreover, KR
technique cannot handle historical data that contain routes with different numbers of patients,
therefore a separate estimation needs to be carried out for each set of historical data of
different route size. However, the NN model can work with routes of different sizes. Hence,
a huge amount of training data consisting of routes of varying lengths are used to train the
NN model at the beginning of the matheuristic algorithm, and the estimations are obtained

throughout the algorithm using the previously trained model.

5.2. PERFORMANCE OF THE MATHEURISTIC FRAMEWORK

In order to evaluate the performance of the proposed matheuristic framework, a total of six
problem instances of different sizes are generated. This section is dedicated to the
explanation of the problem instance generation procedure for the addressed problem (Section
5.2.1) and the results obtained regarding the performance of the presented matheuristic

framework (Section 5.2.2).

5.2.1. Generation of Problem Instances

In order to generate problem instances of HHCP, the first step is to determine the patient
locations. For random problem instances, the x and y coordinates of each patient are sampled
from a uniform distribution with a lower bound of zero and an upper bound of 50. The
location of the depot, or HHC center is selected as the center of the considered area (25, 25).
Time windows of the patients are generated randomly according to a predefined ratio

depicted below.
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LFT; — EST;

5 (5.2)

For each patient, the ratio depicted in (5.2) is sampled from a normal distribution with a
mean of three and a standard deviation of 0.2. Then, the values of LFT; and EST; are
randomly generated according to the determined ratio. This is achieved by first randomly
generating a ratio and an EST; value, then the LFT; is computed using (5.2). The service time
s;j is assumed to be 45 minutes for all problem instances. In most of the real-life problems,
the time windows of patients are not strict; meaning that the visits can usually occur within
a large time interval during working hours. Therefore, the value range used for the ratio can
be considered as a realistic demonstration of patients’ time windows. The resulting time

windows are visualized in Figure 5.8 below for one of the problem instances with 15 patients.
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Figure 5.8. Visualization of time windows over daily working hours for problem instance
PI-1

In the above figure, the time window of each patient is illustrated for one of the selected
problem instances over the daily working hours, which is 420 minutes. The vertical dashed
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lines divide the 420-minute time horizon into three equal intervals, and each interval
represents the morning, noon, and evening times of a 24-hour day period. Time windows are
generated in a realistic way such that patients are usually available during one of the time
intervals stated. The same distribution and parameters are used to generate time windows of
the patients for all the problem instances used throughout this thesis.

The patterns for each problem instance are also generated in a random manner by considering
the necessary patterns that would lead to a feasible solution. Since the patterns are
responsible for the scheduling of the visits, they must be in line with the care plan of each
patient. It is assumed in problem instances that a patient can require up to four days of visits
from any operator. Therefore, three to four patterns are randomly generated for each possible
care plan. As it was mentioned earlier, there exists a total list of patterns that can be utilized
throughout the algorithm. Such restriction is needed to be able to compare the solution
obtained from the matheuristic algorithm and the integrated model since the integrated
model cannot deal with a large set of patterns as it increases the complexity of the problem.
A subset of the entire pattern list is provided to the assignment-scheduling problem, so not
all of the patterns are available at the beginning. It is up to the algorithm to find the most
profitable patterns and incorporate them into the solution. Finally, the capacity of each

operator is assumed to be equal, which indicates a daily shift of 420 minutes for all operators.

The size of the problem is described by the number of patients, operators, and patterns
present in the problem. Two instances of each size are generated randomly using the method
described above. Each problem instance is identified by a combination of the abbreviation
“PI”, and the instance number. The total of six problem instances are summarized in Table
5.2.



Table 5.2. Characteristics of the problem instances used in the evaluation
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Problem Number of Number of | Initial Number | Total Number
Instance Patients Operators of Patterns of Patterns

PI-1 15 2 5 11

PI-2 15 2 6 11

PI-3 20 2 7 13

Pl-4 20 2 5 13

PI-5 25 3 6 15

PI-6 25 3 7 15

5.2.2. Performance of the Matheuristic Framework on Problem Instances

For each of the problem instances mentioned in the previous section, five independent

replications are obtained. Each replication is obtained by running the algorithm on the

instance for three hours. The algorithm is initialized by first solving the assignment-

scheduling problem for a provided subset of patterns. Then, the routing problem is solved

using the assignment and scheduling information obtained from the this solution. As it was

mentioned earlier, the two-stage approach often yields an infeasible solution in the routing

stage. This is the case for five out of six problem instances generated for the tests, as
displayed in Table 5.3.

Table 5.3. The initial solutions obtained from the two-stage solution approach for each

problem instance

Problem Number of Number of Initial Objective

Instance Patients Operators Function Value
PI-1 15 2 Infeasible
P1-2 15 2 Infeasible
PI-3 20 2 Infeasible
PI-4 20 2 0.9065
PI-5 25 3 Infeasible
PI-6 25 3 Infeasible
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Except for the problem instance denoted with PI-4, the algorithm is initialized with an
infeasible solution for all instances. As stated earlier, the algorithm can handle infeasible
solutions within the VNS metaheuristic. The first feasible solution found by the algorithm

may vary between replications due to the randomness within the algorithm.

In Table 5.4, the results obtained from the matheuristic framework are presented for each of
the five replications of the six problem instances. In the cases for which the initial solution
is infeasible, the improvement percentage is calculated by comparing the objective function
values of the best-found solution and the first feasible solution obtained by the matheuristic
algorithm. It can be interpreted from the table that even when the algorithm starts from
different feasible solutions, it can converge to solutions with similar objective function
values. Depending on the first feasible solution obtained within the algorithm, high

improvement ratios up to 58% are observed.
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Table 5.4. Performance of the matheuristic framework on each of the problem instances

with five independent replications

o o . Objective Function
Problem Objective Objective Function Value of Matheuristic Improvement
Instance Replication Fun.c'-cion VaIL-Je of Valu-e of the Fi-rst Solution %)
Initial Solution Feasible Solution (in 3 hours)
1 0.7482 0.6333 18.14
2 0.7482 0.6676 12.07
3 Infeasible 0.7482 0.6691 12.87
P 4 0.7482 0.6786 10.26
5 0.7482 0.6686 11.90
AVERAGE - 0.7482 0.6634 13.05
1 0.8288 0.6726 23.23
2 0.9707 0.6624 46.53
o 3 Infeasible 0.9707 0.6605 46.96
4 0.8288 0.6605 25.48
5 0.9183 0.6605 39.03
AVERAGE - 0.9035 0.6633 36.25
1 0.7944 0.7395 7.43
2 0.7636 0.7135 7.02
PI3 3 Infeasible 0.8255 0.7259 13.71
4 0.8121 0.7259 11.87
5 0.7623 0.7380 3.33
AVERAGE - 0.7916 0.7286 8.67
1 0.9065 0.8336 8.75
2 0.9065 0.7889 14.90
- 3 0.9065 0.9065 0.8187 10.72
4 0.9065 0.7922 14.44
5 0.9065 0.7961 13.87
AVERAGE - 0.9065 0.8059 12.54
1 0.8740 0.6342 37.82
2 0.8740 0.6449 35.53
PIs 3 Infeasible 0.8587 0.6291 36.50
4 0.8740 0.6448 35.54
5 0.8740 0.6376 37.07
AVERAGE - 0.8710 0.6381 36.49
1 0.9481 0.6035 57.11
2 0.9204 0.5914 55.63
3 Infeasible 0.9481 0.5966 58.91
Pl-e 4 0.9204 0.6031 52.60
5 0.9204 0.6052 52.07
AVERAGE - 0.9315 0.6000 55.26




Table 5.5. Comparison of the performance of the matheuristic framework and the

integrated model
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Ob.jective Time at Which Ob.jective Integrated Difference
Brobler Function Value the Best Function Value Model Between
Instance Replication of Matheuristic Solution i of the Solution Matheuristic and
Solution . . Integrated . . the Integrated
(in 3 hours) Obtained (min) Model Time (min) Model (%0)
1 0.6333 6.94 0.00
2 0.6676 51.81 5.42
PI-1 3 0.6691 14.16 0.6333 4.23 5.66
4 0.6786 1.06 7.15
5 0.6686 7.75 5.58
1 0.6726 8.09 2.23
2 0.6624 34.26 0.69
PI-2 3 0.6605 133.17 0.6579 4.77 0.40
4 0.6605 72.15 0.40
5 0.6605 38.87 0.40
1 0.7395 150.42 6.11
2 0.7135 114.66 2.37
PI-3 3 0.7259 15.48 0.6969 141.75 416
4 0.7259 14.87 4.16
5 0.7380 60.41 5.89
1 0.8336 6.66 7.81
2 0.7889 28.03 2.03
Pl-4 3 0.8187 12.84 0.7732 517.48 5.89
4 0.7922 93.09 2.45
5 0.7961 51.54 2.96
1 0.6342 176.66 1.80
2 0.6449 89.67 3.53
PI-5 3 0.6291 95.08 0.6230* 540.00 0.99
4 0.6448 105.07 351
5 0.6376 51.33 2.36
1 0.6035 39.42 0.44
2 0.5914 111.63 1.57
PI-6 3 0.5966 36.88 0.6008* 540.00 0.70
4 0.6031 88.48 0.39
5 0.6052 175.45 0.74

Table 5.5 depicts the comparison between the performances of the matheuristic framework

and the integrated model. For the sake of a fair comparison, the integrated model is solved

given the total list of allowed patterns. It should be noted that for problem instances PI-5 and

PI-6, the objective function values of the integrated model solution marked with (*) have a
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20% optimality gap since no optimal solution was obtained within nine hours, however, all
other integrated model solutions are optimal with zero optimality gap. Overall, it is observed
that the solution time of the integrated model grows longer as the problem size increases.
For larger problem instances, e.g., problem instance PI-3 and beyond, the results indicate
that solving the problem using the matheuristic framework leads to near-optimal solutions
with at most a 7.81% difference from the integrated model solution in a shorter time (within
3 hours). On top of that, in the problem instance denoted with PI-6, two of the matheuristic
solutions (replications two and three) yielded a better objective function value than that of

the integrated model solution in less than two hours.
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6. CONCLUSION

The primary contribution of this thesis is the introduction of a matheuristic framework for
the HHCP. This problem assigns identically skilled operators to patients, schedules their
visits, and establishes the routes in a time horizon of one week while taking the patients’
time windows into consideration with the objective of minimizing the maximum operator
workload. For large problem instances, the integrated model for the HHCP cannot be solved
to optimality due to its NP-Hardness. In addition to that, the two-stage solution approach
does not guarantee a feasible solution since the assignment and scheduling decisions are
made without considering the routing information. Therefore, we propose a matheuristic
framework that improves the solution created using the two-stage solution approach for
HHCP by iteratively updating the solution through the VNS metaheuristic. Even if the initial
solution found by the two-stage approach is infeasible, the framework can improve the

existing solution and achieve near-optimal solutions.

Another important contribution is the development of an NN model that estimates the route
durations for visiting a set of given locations. The estimations are used within the VNS
algorithm during the evaluation stage of a particular move. The greatest advantage of using
the matheuristic framework is to be able to reflect the past routing decisions made by the
operators to the current solution. As an extension to the current NN model, more guided and
comprehensive estimations can be obtained by providing information regarding the

attributes of the patients or other distinctive information about the patient locations.

In order to assess the performance of the NN based estimation method and the matheuristic
framework, a set of problem instances is generated. The developed NN model is compared
to the KR estimation method developed in Yal¢indag et al. [7], and the results revealed that
the NN model presented in this thesis provides better estimates. Furthermore, since the
weights used in NN models are continuously updated, the learning process continues as new
data are introduced to the model. Hence, in time, the model can make even better estimations

regardless of the difference in geographical locations, or regions.

Moreover, the results obtained via the matheuristic framework are compared to the ones

acquired by solving the integrated model, and it is observed that the framework provides
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optimal or near-optimal solutions in a reasonable time. Therefore, the framework can be

used as a solution approach for the HHCP.

Another area of future research can focus on extending the neighborhood set within the VNS
algorithm to include a neighborhood that considers the time windows of patients. This way,

the algorithm may perform changes that are better guided towards creating feasible solutions.
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