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ABSTRACT

This study introduces an innovative strategy for addressing the Home Healthcare and Dial-a-Ride Problem
(HHCDAP) concerning the transportation of medical staff and patients, taking into account the stochastic
nature of service and travel times. The problem involves assigning suitable medical staff to patients and
clients, determining the order of visits, and identifying opportunities for medical staff and patients to share
trips. We propose two objective functions to minimize travel time for drivers and medical staff. This
problem adheres to numerous constraints, including maximum work duration, maximum waiting time,
professional qualifications, and vehicle capacity limitations. We test our approach on a small-scale instance
to understand the trade-offs between minimizing drivers’ travel time and minimizing the travel and waiting
times of medical staff and patients. Our results indicate that the proposed strategy enhances the efficiency
of transporting medical staff and patients.

1 INTRODUCTION

Home healthcare encompasses a broad range of professional services designed to support clients in their daily
lives at home. These services, including meal preparation, personal hygiene assistance, medication delivery,
and medical treatments, cater to clients recently discharged from hospitals, those with mobility challenges,
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or individuals requiring long-term care due to chronic illnesses (Genet et al. 2011). The primary objective
of home healthcare is to deliver high-quality, personalized care that fosters patient autonomy and enhances
their quality of life. Home healthcare has gained significant traction in the healthcare sector as a more
convenient and often more cost-effective alternative to hospital or other institutional care. Transportation
is key in the delivery of home healthcare services (Voegl and Hirsch 2019). It facilitates the movement of
healthcare professionals to and from clients’ homes and ensures clients are transported to medical centers
or hospitals for treatments that cannot be administered at home. This dual role underscores the importance
of efficient and reliable transportation systems in successfully implementing home healthcare services.

The demand for home healthcare services is increasing due to several factors (Fathollahi-Fard et al.
2022; Jeong et al. 2023; Díaz Planelles et al. 2023). Firstly, there is an increasing trend of elderly individuals
living alone, as families become more geographically dispersed and younger generations prioritize their
careers. This demographic shift is leading to a greater need for in-home care services, as seniors prefer
to age in place in their homes (Kumar et al. 2023). Additionally, medical advancements have increased
life expectancy, leading to a larger aging population with more complex care needs (de la Escosura 2023).
Furthermore, hospital stays are becoming shorter, with patients being discharged earlier and often requiring
follow-up care at home. Finally, the COVID-19 pandemic has accelerated the shift towards home-based
care, as it is safer for vulnerable individuals to receive care at home rather than in institutional settings
(Majoor and Vorselaars 2023). These factors drive the demand for home healthcare services and highlight
the importance of developing efficient transportation systems to support this growing need. This has
subsequently led to an increase in the need for transportation of medical staff and patients, which is
currently being done independently, leading to urban congestion (Voegl and Hirsch 2019).

In this study, we propose an integrated mobility concept to efficiently manage the transportation of
medical staff and non-urgent patients. This concept considers the stochastic nature of service times and travel
times, acknowledging that existing methods transport patients and medical staff separately and contribute
to urban congestion. Our work is centered on coordinating patient and medical staff transportation—a
critical issue within the home healthcare sector in Europe, particularly in the rural regions of countries like
Germany and Austria, where these logistical challenges are pronounced (Lenz et al. 2021; Rutschmann
2017).

Motivated by the pressing need to address these logistical difficulties, especially the synchronized
planning of patient transportation and medical staff assignment, this ongoing research project, currently in
its initial stages, proposes an integrated approach. This approach seeks to enhance operational efficiency,
curtail costs, and foster environmental sustainability, thereby improving both the quality of patient care
and the overall performance of home medical service providers. The proposed integrated mobility concept
introduces a trip-sharing system for medical staff and patients, inherently transforming the coordination of
home healthcare services into a scheduling and routing problem. We focus on two types of users: non-critical
patients receiving treatment at medical centers and clients receiving home care. The qualification level of
each home care worker and the nature of each home care job are also taken into account to ensure efficient
service delivery.

The complexity of integrating home healthcare and dial-a-ride services while considering stochastic
service and travel times forms the core of this problem. We aim to develop a feasible scheduling and routing
solution that maximizes resource utilization while minimizing travel and wait times for medical staff and
non-urgent patients. In this pursuit, we employ the Sample Average Approximation (SAA) approach—a
simulation-based optimization method that approximates the expected objective function of a stochastic
optimization problem.

A series of computational experiments are conducted to measure the impact of the integrated transport
system on travel and wait times for medical staff and non-urgent patients. We compare the results obtained
using two distinct objective functions: minimizing the travel time of the driver and the medical staff. The
insights derived from our findings could play a significant role in establishing standards for waiting and
travel times. To the best of our knowledge, this is the first study to address the integrated planning of these
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services, presenting an innovative solution that accommodates the stochasticity of travel and service times
and approximates the optimal solution using a simulation-based optimization approach.

2 LITERATURE REVIEW

The challenge of transporting medical staff and patients is usually tackled separately. Transporting medical
staff has been characterized as a home healthcare problem, whereas transporting patients has been a dial-a-
ride problem. In-home healthcare problems, several techniques have been suggested to address this problem.
For example: Ichoua et al. (2000) presented a Tabu Search method that employs probabilistic knowledge
to assign customers in real-time and a waiting strategy that depends on projected future requests. Hvattum
et al. (2006) developed a multi-stage stochastic programming model and a heuristic approach that handles
the home healthcare problem as a deterministic vehicle routing problem. Bent and Van Hentenryck (2004)
proposed a dynamic vehicle routing problem with time windows to maximize daily visits and a multiple-
scenario approach that creates routing plans for known and future clients. In the context of the dial-a-ride
problem, multi-objective routing problems have grown in practical applicability. Recent research by Souza
et al. (2022) on a bi-objective heterogeneous dynamic dial-a-ride problem for patient transportation in
Brazil minimizes transportation costs and user inconvenience. Detti et al. (2017) discuss a multi-depot dial-
a-ride problem for non-emergency patient transportation in a real-world healthcare application. Jorgensen
et al. (2007) study the same problem, the authors apply an aggregated objective function to minimize
transportation costs, excess user ride times, user waiting time, and route duration.

2.1 Optimization Criteria

Existing literature proposes optimization criteria categorized into response time and patient preferences,
among others, which we considered in our solution.

2.1.1 Response Time

In terms of response time, the literature suggests minimizing total operating time and distance, minimizing
waiting time due to synchronization or time windows (Fikar et al. 2016; Guericke and Suhl 2017; Zhan
and Wan 2018; Chaieb et al. 2020; Euchi et al. 2020; Malagodi et al. 2021), and minimizing the number
of routes needed, which relates to completion time (Quintana et al. 2017; Heching et al. 2019; Kandakoglu
et al. 2020; Liu et al. 2021).

2.1.2 Patients’ Preferences

Patients’ preferences have also been considered, with a focus on minimizing costs related to overtime
and reassignments (Lin et al. 2016; Rest and Hirsch 2016; Dekhici et al. 2019; Restrepo et al. 2019;
Kandakoglu et al. 2020; Hassani and Behnamian 2021; Malagodi et al. 2021), minimizing violations of
visit time windows (Rahimian et al. 2017; Euchi 2020), maximizing patients’ preferences for skill and
doctor-patient familiarity (Du et al. 2019; Mosquera et al. 2019; Grenouilleau et al. 2019; Li et al. 2021),
and maximizing preferred time slots (Erdem and Bulkan 2017).

There is a research gap regarding the transportation of medical staff and patients on the same trip, which
has mainly been studied as deterministic and two-independent problems. The independent consideration
of both the assignment and transport of medical staff (home healthcare problem) and the transportation
of patients (dial-a-ride problem), although valuable in optimizing specific variables such as response
time or patient preferences, often results in locally optimal solutions. These solutions, while effective in
isolation, may not offer the most cost-efficient or globally optimal strategies for home medical service
providers or their clients. Logistical challenges become particularly pronounced for service providers in
rural regions, necessitating an integrated approach to planning medical treatments at home and in medical
centers. Such an integrated approach can amplify resource utilization, potentially reducing the vehicle
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fleet size necessary for service provision, thereby improving operational efficiency, cost-effectiveness, and
environmental sustainability. However, despite the potential advantages of an integrated approach, existing
literature scarcely addresses the combined consideration of home healthcare and dial-a-ride problems. Our
study aims to fill this gap by examining the simultaneous resolution of these issues, with the goal of
fostering both academic discourse and practical solutions to the logistical challenges inherent to home
medical services. As proposed, an integrated perspective could pave the way for more comprehensive and
effective strategies for in-home healthcare service delivery.

3 PROBLEM DESCRIPTION

The problem of home healthcare and dial-a-ride (HHCDAP) for medical staff and patient transportation,
taking into account the stochastic service time duration (di) and travel time (ttik), can be delineated as
follows: A cadre of medical staff is bifurcated into home care professionals and paramedics, and a collection
of user homes consists of subsets of client and patient residences. Each client necessitates a home care
service at their rural residence, and each patient requires medical treatment at an urban medical center,
along with continuous accompaniment during transportation.

The home healthcare services spectrum ranges from simple to advanced medical treatments, including
continuous accompaniment. Transporting medical staff for home healthcare services necessitates three
pivotal decisions. Firstly, the assignment of medical staff to clients and patients must be based on their
professional qualifications and specific service requirements. Secondly, the sequence of visits must be
established upon the appropriate allocation of medical staff to each client and patient. Lastly, presuming
the perpetual availability of vehicles and drivers for transporting medical staff and patients, determining
which medical staff and patients can share the same journey forms the next critical decision.

In addressing the HHCDAP, we propose considering two distinct objective functions: minimizing driver
travel time and minimizing medical staff travel time. Each of these objectives is employed independently
to solve the problem. Subsequently, we outline the primary constraints of the problem:

• Each client
. . . has a home care service that has a stochastic service time duration
. . . requires at least one home care service during the day
. . . requires a home care service associated with a qualification
. . . has a home care service that must be started within its time window

• Each patient
. . . requires at least one transport service and medical treatment during the day
. . . has a medical treatment that must be started at a fixed time
. . . has a medical treatment that has a stochastic service time duration

• Each home care staff and paramedic
. . . has a maximum working time
. . . has a maximum waiting time
. . . has a certain qualification level. We consider four qualification levels
. . . has an assigned driver

• Each vehicle
. . . has an assigned route that complies with the maximum capacity of the vehicle, which is limited
to 4 passengers
. . . of each route starts and ends at the depot
. . . the number of patients requesting a home care service is known at 5:00 p.m. the previous day
. . . each vehicle has an assigned driver
. . . downgrading of medical staff qualifications is allowed
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Figure 1: Exemplification of the integrated mobility concept.

Figure 1 illustrates an example of integrated mobility. In this scenario, there are two clients and a patient
in a small instance. Clients 2 and 3 require medical treatment requiring medical staff with qualifications 2
and 4, respectively, while the patient requires a paramedic (qualification level 1). A home care staff with
a qualification level of 4, a paramedic, and a vehicle with a driver. The maximum workday for medical
personnel is assumed to be 4 hours, with a maximum wait time of 30 minutes. Client 1 has a time window
of [7,9]am, client 2 [8,10]am, and the patient has a doctor’s appointment at 7:45 am. The expected duration
of medical treatment for clients 1 and 2 is 75 and 60 minutes, respectively, while the duration for the patient
is 45 minutes. The top of the figure shows the scheduling of the vehicle and medical personnel, while the
bottom shows the routing. The figure highlights how stochastic travel times and the stochastic duration of
medical service can easily lead to an infeasible solution. A longer-than-expected medical service duration
can lead to a route failure because it exceeds the maximum working hours. Similarly, stochastic travel
times can lead to exceeding the maximum working hours, wait times, and failure to meet the time windows
of clients and patients.
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Pick-up and drop-off patient home medicalDrop-off at home j1 Pick-up at home

(a) Client job

Drop-off at home j1 j1 Pick-up at home

(b) Disaggregated client job

Figure 2: Processing of client requests.

Pick-up and drop-off patient home medicalPick-up at home
Drop-off at home j1 j1 Drop-off at MC

Pick-up at MC

(a) Patient job

Drop-off at home j1 j1 Pick-up at MC

Pick-up at home j1 j1 Drop-off at MC

(b) Disaggregated patient job

Figure 3: Processing of patient requests.

4 METHODOLOGY

Our solution commences with the initial processing of both customer and patient requirements. Subsequently,
we implement a solution approach that utilizes a variant of the Sample Average Approximation method
(SAA). This is specifically designed to solve the Home Healthcare and Dial-a-Ride Problem (HHCDAP),
which involves complexities related to stochastic service duration and travel time.

4.1 Input Data Preprocessing

The medical staff and patient transportation involve pick-ups and drop-off activities. We decided to duplicate
the set of user homes and medical centers so that pick-ups and drop-off activities disaggregate the list of
requests. Each request is considered a node (see Figures 2 and 3). Thus, each patient is involved in 4
nodes (including the drop-off and pick-up nodes at the medical center), and each client is involved in two.

Assume set N as the set of all requests, for each node i ∈ N is considered a service time duration of
di, and a time window is estimated, taking as a reference the input information of each patient’s medical
appointment time and the preferred time window of each client.

4.2 Sample Average Approximation Approach

We consider travel times between locations and service times as stochastic parameters. We propose a
SAA approach which is a Monte Carlo approach. We use the Monte Carlo simulation to generate a set of
samples Ξ of the stochastic travel time (ttik) and the service time duration (di) in the problem. Our solution
approach leads to solving a deterministic optimization problem using samples ξp ∈ Ξ, with p = {1, ...,P}.
We assume that each sample ξp is taken with probability 1

P . In our paper, we consider each sample as a
possible scenario. Therefore, we will use the word scenarios instead of samples.

We obtain an approximation of the value of the objective function and constraints for the stochastic
problem by the sample averages and then solve the approximation problem to obtain a solution. Scenarios
are independent and identically distributed. The flowchart 4 describes the solution approach. Firstly, we
assume that the travel time and service time duration follow a probability distribution. Then we generate
scenarios for ttik and di using the following equations:

tti j(ξp) = t̄t i j ·∆tt(ξp) (1)

di(ξp) = d̄i ·∆d(ξp) (2)
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The ∆tt(ξp) and ∆d(ξp) are vectors that represent all possible variations of tti j and di, respectively.
We parallelize the solution process since each scenario can be considered independent. We use a mixed
integer programming model for computing the optimal solution for each sample ξp ∈ Ξ. The equations
3 and 4 represent the objective functions of our stochastic problem. the problem is solved with one of
the two objective functions. This is not a multi-objective problem. This means that our mathematical
model is flexible enough to change from the objective function of minimizing the travel time of the driver
( f̂1(x)) to the objective function of minimizing the travel and waiting time of the medical staff (and users)
( f̂2(x)). The purpose of setting these two objective functions is to compare the total travel time and waiting
time of users and medical staff reached under each objective function. By comparing the behavior of the
solutions obtained from both objective functions, we gain insights into the trade-offs between the competing
objectives. We can make informed decisions on how to balance them. The main variables and constraints
of the model are presented below. However, not all constraints can be presented due to the limited number
of pages of this paper.

Sets
I : Set of nodes. 0 refers to depot node. Indexed i, j.
C : Set of nodes i associated with medical staff dropped off. C ⊂ I .
C ′: Set of nodes i associated with medical staff picked up. C ′ ⊂ I .
P: Set of nodes i associated with patient picked up. P ⊂ I .
P ′: Set of nodes i associated with patient dropped off. P ′ ⊂ I .
M : Set of nodes i associated with a patient-paramedic couple dropped off. M ⊂ I .
M ′: Set of nodes i related to a patient-paramedic couple picked up. M ′ ⊂ I .
V : Set of vehicles. v ∈ V .
S : Set of medical staff. s ∈ S .
Q: Set of qualifications. q ∈ Q.
Sq: Set of medical staff s with qualifications q.

Parameters
tti j(ξp): Travel time from i to j in scenario (ξp).
a: Maximum vehicle capacity.
ρih: Binary matrix 1 if node i is a predecessor of node j.
M: Sufficiently large number.
di(ξp): Service time of client i in scenario (ξp).
li: End of the time window for medical treatment at node i.
ei: Start of the time window for medical treatment at node i.
O: Maximum allowed waiting time.
H: Maximum working hours.

Variables
Xi jv(ξp)= Binary variable. 1, if vehicle v visits node i after node j in scenario (ξp). 0 otherwise.
Yiv(ξp)= Non-negative variable. Arrival time of vehicle v at node i in scenario (ξp).
Wsi(ξp)= Binary variable. 1, if the staff provides medical s service at node i in scenario (ξp). 0
otherwise.
Eis(ξp)= Non-negative variable. Start of the medical treatment provided at node i by medical staff
s in scenario (ξp).
Fis(ξp)= Non-negative variable. End of the medical treatment provided at node i by medical staff
s in scenario (ξp).
Capvi(ξp)= Non-negative variable. Capacity of vehicle v after visiting node i in scenario (ξp).
φi(ξp)= Non-negative variable. Waiting time at node i in scenario (ξp).
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Ts(ξp)= Non-negative variable. Travel time of medical staff s including waiting time in scenario
(ξp).
δs(ξp)= Non-negative variable. Total working hours of medical staff s in scenario (ξp).

Objective functions

min
x∈X

f̂1(x) := E(F1(X ,Ξ)) :=
1
P
·

p=P

∑
p=1

F1(X ,ξp) :=
1
P
·

p=P

∑
p=1

∑
i∈I

∑
j∈I

∑
v∈V

xikv(ξp) · tti j(ξp) (3)

or

min
x∈X

f̂2(x) := E(F2(X ,Ξ)) :=
1
P
·

p=P

∑
p=1

F2(x,ξp) :=
1
P
·

p=P

∑
p=1

∑
s∈S

Ts(ξp) (4)

Subject to:

∑
j∈I

X jiv(ξp) = 1 ∀ i ∈ I ,ξp ∈ Ξ

∑
j∈I

Xi jv(ξp) = ∑
j∈I

X jiv(ξp) ∀ i ∈ I ,v ∈ V ,ξp ∈ Ξ

Capv j(ξp)≥ Capvi(ξp)+ load j −a · (1−Xi jv(ξp)) ∀ v ∈ V , i, j ∈ I ,ξp ∈ Ξ

Capv j(ξp)≤ Capvi(ξp)+ load j +a · (1−Xi jv(ξp)) ∀ v ∈ V , i, j ∈ I ,ξp ∈ Ξ

Capvi(ξp)≤ a ∀ v ∈ V , i, j ∈ I ,ξp ∈ Ξ

∑
j∈I

X jiv(ξp) = ∑
j∈I

Xh jv(ξp) ∀ i,h ∈ I | (i,h) ∈ ρih,v ∈ V ,ξp ∈ Ξ

Yvi(ξp)+ tti j(ξp)≤ Yvi(ξp)+M · (1−X jiv(ξp)) ∀ v ∈ V , i ∈ I \{0}, j ∈ I ,ξp ∈ Ξ

Yvi(ξp)≤ Yv j(ξp) ∀ v ∈ V , i, j ∈ I | (i, j) ∈ ρi j,ξp ∈ Ξ

∑
s∈Sq

Wsi(ξp) =1 ∀ i ∈ I ,q ∈ Q,ξp ∈ Ξ

Wsi(ξp) =Ws j(ξp) ∀ i, j ∈ I | (i, j) ∈ ρi j,s ∈ S ,ξp ∈ Ξ

∑
s∈S

Eis(ξp) ≥ ∑
v∈V

Yv,i(ξp) ∀ i ∈ P ∪P ′∪C ∪M ,ξp ∈ Ξ

∑
s∈S

Eis(ξp)+di(ξp) ≤ ∑
s∈S

E js(ξp) ∀ i ∈ I \{0},(i, j) ∈ ρi j,ξp ∈ Ξ

∑
s∈S

Fis(ξp) = ∑
s∈S

Eis(ξp)+di(ξp) ∀ i ∈ I \{0},ξp ∈ Ξ

∑
s∈S

Fis(ξp) ≤ ∑
v∈V

Yv,i(ξp) ∀ i ∈ C ′∪M ′,ξp ∈ Ξ

Eis(ξp) ≤ li ∀ i ∈ P ∪C ,ξp ∈ Ξ

φi(ξp) = ∑
s∈S

Eis(ξp)− ei ∀ i ∈ P ∪C ,ξp ∈ Ξ

φi(ξp) = ∑
v∈V

Yv,i(ξp)− ∑
s∈S

Fis(ξp) ∀ i ∈ P ′∪C ′∪M ′,ξp ∈ Ξ
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Start
Generate a sample Ξ

for stochastic parame-
ters di(ξp) and tti j(ξp)

Select a realization ξp ∈ Ξ

that has not been solved, and
determine the optimal solution.

Store the solution X and the
value of the objective function

is there a
X for each

ξp ∈ Ξ?

Compute the expected value
of the objective function
and solution reliability

End

yes

no

Figure 4: Flowchart of the sample average approximation.

φi(ξp)≤O ∀ i ∈ I ,ξp ∈ Ξ

Ts(ξp) =δs(ξp)− ∑
i∈I

di(ξp) ·Wsi ∀s ∈ S ,ξp ∈ Ξ

δs(ξp) =max
i∈I

Fis(ξp)−min
i∈I

Eis(ξp) ∀s ∈ S ,ξp ∈ Ξ

δs(ξp)≤H ∀s ∈ S ,ξp ∈ Ξ

In the SAA approach, each scenario ξp ∈ Ξ is processed in parallel as an independent problem. We
derive a set of deterministic solutions X upon solving all the scenarios. These solutions subsequently enable
a robust approximation of the objective function value of the original stochastic problem. In pursuit of the
expected values for f̂1(x) and f̂2(x), we first resolve the problem of prioritizing one objective function and
then separately address the second objective function. In this context, when a particular objective function
acts as the optimization criterion, the alternate function assumes the role of an outcome variable. This
procedure assesses and quantifies the influence of one objective function on the other. Consequently, each
sample ξp ∈ Ξ possesses an optimal value for the objective function and an optimal solution x ∈ X , where
X represents the set of solutions.

5 COMPUTATIONAL EXPERIMENTS

We design two artificial instances with 18 nodes (3 clients, 3 patients, and 3 medical centers) and 80 nodes
(20 clients, 10 patients, and 10 medical centers). We assume that d̄i for all clients and patients follow a
truncated normal distribution N(40,20) (Reuters Health 2017; NHS 75 Digital 2023), and t̄t ik fit a uniform
distribution U(20,40). ∆tt(ξp) and ∆d(ξp) follow a truncated normal distribution, N(0.5,2) and N(0.8,1.5)
respectively. The earliest and latest time windows vary between [8:00, 16:00]hr and [10:00,19:00]hr,
respectively. The time windows have an amplitude of at most 4 hours. We generate a large number of
1000 samples. The study was implemented using a MIP model in GAMS 41/CPLEX, and the instances
were solved to optimality.

Figure 5 presents the results. As expected, the results obtained with the model that minimizes the
travel time of the medical staff provide minimum waiting time and travel time. Remember that patients
are constantly accompanied by the paramedic, so indirectly, our model also minimizes patient waiting and
travel time. In contrast, the solution provides long travel times for the driver. However, the model with an
objective function Equation (3) provides long travel and waiting times for the medical staff while firing.
Thus, minimizing the travel time of the driver does not mean minimizing the travel time of the medical
staff.

Figure 5 is a visual representation of the solutions to facilitate the decision maker’s perception of the
impact of only minimizing the driver’s travel time or minimizing the medical staff and patients travel time.
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Figure 5: Example applications of artificial neural networks to deal with deadlocks in an automated guided
vehicle system.

Minimizing the driver’s travel time is an optimal solution for the logistics operator of home healthcare
services. However, that solution may represent an increase of up to 93% of the waiting time and travel
time for the medical staff. While minimizing the travel time of the medical staff can lead to a reduction
of up to 15% in the driver’s travel time.

Preliminary results from our model indicate that integrated trips generally lead to reduced travel times
for both medical staff and patients, as well as the driver, and necessitate fewer vehicles and medical staff.
However, it is essential to note that individual trips offer greater flexibility in scheduling and may be
indispensable in certain circumstances. Overall, these findings suggest that optimizing for integrated trips
can enhance the efficiency and cost-effectiveness of transportation for home care services.

6 CONCLUSIONS

The research presented in this paper is part of an ongoing project that is still in its initial stages. Consequently,
this section does not offer definitive conclusions, but instead provides preliminary findings based on our
initial experiments and analyses. We focus on minimizing travel time for medical staff and patients in the
context of home healthcare services using the dial-a-ride problem as a framework. Through our initial
findings, we have discovered that minimizing driver travel time does not always lead to minimizing travel
time for medical staff and patients, indicating the need for a more nuanced approach. Furthermore, the
preliminary results of our study show that minimizing the travel time of the medical staff leads to minimizing
waiting time and travel time for both medical staff and patients. However, this solution may result in
longer travel times for the driver. On the other hand, minimizing the driver’s travel time may lead to
longer travel and waiting times for the medical staff. Our study highlights that minimizing the travel time
of one objective does not necessarily minimize the travel time of the other. As a working project, our
next steps will involve developing a simulation-optimization algorithm tailored to handle large instances of
the integrated home healthcare and dial-a-ride problem. The outcomes of this research will have practical
applications in real-world home healthcare service providers, where efficient scheduling and routing can
significantly impact the quality of care provided to patients.

1121



Reyes-Rubiano, Müller, Voegl, Sarmiento, Guerrero, and Hirsch

REFERENCES
Bent, R. W., and P. Van Hentenryck. 2004. “Scenario-based Planning for Partially Dynamic Vehicle Routing with Stochastic

Customers”. Operations Research 52(6):977–987.
Chaieb, M., J. Jemai, and K. Mellouli. 2020. “A Decomposition-construction Approach for Solving the Home Health Care

Scheduling Problem”. Health Care Management Science 23(2):264–286.
de la Escosura, L. P. 2023. “Health, income, and the preston curve: A long view”. Economics & Human Biology 48:101212.
Dekhici, L., R. Redjem, K. Belkadi, and A. E. Mhamedi. 2019. “Discretization of the Firefly Algorithm for Home Care”.

Canadian Journal of Electrical and Computer Engineering 42(1):20–26.
Detti, P., F. Papalini, and G. Z. M. de Lara. 2017. “A Multi-depot Dial-a-ride Problem with Heterogeneous Vehicles and

Compatibility Constraints in Healthcare”. Omega 70:1–14.
Díaz Planelles, I., E. Navarro-Tapia, Ó. García-Algar, and V. Andreu-Fernández. 2023. “Prevalence of Potentially Inappropriate

Prescriptions According to the New STOPP/START Criteria in Nursing Homes: A Systematic Review”. In Healthcare,
Volume 11, 422. MDPI.

Du, G., L. Zheng, and X. Ouyang. 2019. “Real-time Scheduling Optimization Considering the Unexpected Events in Home
Health Care”. Journal of Combinatorial Optimization 37:196–220.

Erdem, M., and S. Bulkan. 2017. “A Two-stage Solution Approach for the Large-scale Home Healthcare Routeing and Scheduling
Problem”. South African Journal of Industrial Engineering 28(4):133–149.

Euchi, J. 2020. “Optimising the Routing of Home Health Caregivers: Can a Hybrid ant Colony Metaheuristic Provide a
Solution?”. British Journal of Healthcare Management 26(7):192–196.

Euchi, J., S. Zidi, and L. Laouamer. 2020. “A Hybrid Aapproach to Solve the Vehicle Routing Problem with Time Windows
and Synchronized Visits In-home Health Care”. Arabian Journal for Science and Engineering 45:10637–10652.

Fathollahi-Fard, A. M., M. Hajiaghaei-Keshteli, R. Tavakkoli-Moghaddam, and N. R. Smith. 2022. “Bi-level Programming for
Home Health Care Supply Chain Considering Outsourcing”. Journal of Industrial Information Integration 25:100246.

Fikar, C., A. A. Juan, E. Martinez, and P. Hirsch. 2016. “A Discrete-event Driven Metaheuristic for Dynamic Home Service
Routing with Synchronised Trip Sharing”. European Journal of Industrial Engineering 10(3):323–340.

Genet, N., W. G. Boerma, D. S. Kringos, A. Bouman, A. L. Francke, C. Fagerström, M. G. Melchiorre, C. Greco, and
W. Devillé. 2011. “Home Care in Europe: A Systematic Literature Review”. BMC Health Services Research 11:1–14.

Grenouilleau, F., A. Legrain, N. Lahrichi, and L.-M. Rousseau. 2019. “A Set Partitioning Heuristic for the Home Health Care
Routing and Scheduling Problem”. European Journal of Operational Research 275(1):295–303.

Guericke, D., and L. Suhl. 2017. “The Home Health Care Problem with Working Regulations”. Or Spectrum 39:977–1010.
Hassani, M. R., and J. Behnamian. 2021. “A Scenario-based Robust Optimization with a Pessimistic Approach for Nurse

Rostering Problem”. Journal of Combinatorial Optimization 41:143–169.
Heching, A., J. N. Hooker, and R. Kimura. 2019. “A Logic-based Benders Approach to Home Healthcare Delivery”. Transportation

Science 53(2):510–522.
Hvattum, L. M., A. Løkketangen, and G. Laporte. 2006. “Solving a Dynamic and Stochastic Vehicle Routing Problem with a

Sample Scenario Hedging Heuristic”. Transportation Science 40(4):421–438.
Ichoua, S., M. Gendreau, and J.-Y. Potvin. 2000. “Diversion Issues in Real-time Vehicle Dispatching”. Transportation

Science 34(4):426–438.
Jeong, H. I., T. Nam, M. Hong, and K. H. Kim. 2023. “Home Healthcare Service Awareness Survey for Korean Medicine

Doctors: A Survey Study”. Journal of Pharmacopuncture 26(1):60.
Jorgensen, R. M., J. Larsen, and K. B. Bergvinsdottir. 2007. “Solving the Dial-a-ride Problem using Genetic Algorithms”.

Journal of the Operational Research Society 58(10):1321–1331.
Kandakoglu, A., A. Sauré, W. Michalowski, M. Aquino, J. Graham, and B. McCormick. 2020. “A Decision Support System

for Home Dialysis Visit Scheduling and Nurse Routing”. Decision Support Systems 130:113224.
Kumar, P., D. R. Mawkhlieng, D. Sinha, and M. Alagarajan. 2023. “Back to Basics: The Role of Living Arrangement on

Self-Reported Morbidity Among Older Adults in India: Authors name, Affiliation, Postal and Email Address”. Ageing
International:1–16.

Lenz, F., J. Schübel, R. Neumann, A. Bergmann, and K. Voigt. 2021. “Beurteilung der Betreuung dementer Patienten im
allgemeinärztlichen Hausbesuch”. Zeitschrift Fur Gerontologie Und Geriatrie 54(3):272.

Li, Y., T. Xiang, and W. Y. Szeto. 2021. “Home Health Care Routing and Scheduling Problem with the Consideration of
Outpatient Services”. Transportation Research Part E: Logistics and Transportation Review 152:102420.

Lin, M., K. S. Chin, X. Wang, and K. L. Tsui. 2016. “The Therapist Assignment Problem in Home Healthcare Structures”.
Expert Systems with Applications 62:44–62.

Liu, W., M. Dridi, H. Fei, and A. H. El Hassani. 2021. “Hybrid Metaheuristics for Solving a Home Health Care Routing
and Scheduling Problem with Time Windows, Synchronized Visits and Lunch Breaks”. Expert Systems with Applica-
tions 183:115307.

1122



Reyes-Rubiano, Müller, Voegl, Sarmiento, Guerrero, and Hirsch

Majoor, K., and A. D. Vorselaars. 2023. “Home Monitoring of Coronavirus Disease 2019 Patients in Different Phases of
Disease”. Current Opinion in Pulmonary Medicine 29(4):293.

Malagodi, L., E. Lanzarone, and A. Matta. 2021. “Home Care Vehicle Routing Problem with Chargeable Cvertime and Strict
and Soft Preference Matching”. Health Care Management Science 24:140–159.

Mosquera, F., P. Smet, and G. V. Berghe. 2019. “Flexible Home Care Scheduling”. Omega 83:80–95.
NHS 75 Digital 2023. “Appointments in General Practice: Supporting Information”. https://digital.nhs.uk/data-and-information/

publications/statistical/appointments-in-general-practice/appointments-in-general-practice-supporting-information. Last ac-
cessed: 2023-06-04.

Quintana, D., A. Cervantes, Y. Saez, and P. Isasi. 2017. “Clustering Technique for Large-scale Home Care Crew Scheduling
Problems”. Applied Intelligence 47:443–455.

Rahimian, E., K. Akartunalı, and J. Levine. 2017. “A Hybrid Integer Programming and Variable Neighbourhood Search
Algorithm to Solve Nurse Rostering Problems”. European Journal of Operational Research 258(2):411–423.

Rest, K.-D., and P. Hirsch. 2016. “Daily Scheduling of Home Health Care Services Using Time-dependent Public Transport”.
Flexible Services and Manufacturing Journal 28:495–525.

Restrepo, M. I., F. Semet, and T. Pocreau. 2019. “Integrated Shift Scheduling and Load Assignment Optimization for Attended
Home Delivery”. Transportation Science 53(4):1150–1174.

Reuters Health 2017. “The Doctor Will See You Now - but Often not for Long”. https://www.reuters.com/article/
us-doctor-checkup-duration-idUSKBN1DS2Z2. Last accessed: 2023-06-04.

Rutschmann, C. 2017. “Care at Home for Elderly–lessons Learnt from the Swiss Red Cross “Integrated Home Care” in Eastern
Europe/CIS”. International Journal of Integrated Care 17(5).

Souza, A. L., M. Bernardo, P. H. Penna, J. Pannek, and M. J. Souza. 2022. “Bi-objective Optimization Model for the
Heterogeneous Dynamic Dial-a-ride Problem with no Rejects”. Optimization Letters 16(1):355–374.

Voegl, J., and P. Hirsch. 2019. “The Trade-off Between the Three Columns of Sustainability: A Case Study from the Home
Service Industry”. In Sustainable Transportation and Smart Logistics, 467–486. Elsevier.

Zhan, Y., and G. Wan. 2018. “Vehicle Routing and Appointment Scheduling with Team Assignment for Home Services”.
Computers & Operations Research 100:1–11.

AUTHOR BIOGRAPHIES
LORENA S. REYES-RUBIANO is a full-time lecturer at the Universidad de La Sabana, Chia-Colombia. She also works as
a researcher at the RWTH Aachen University, Aachen, Germany. She has a Ph.D. degree in mathematics and statistics from
the Public University of Navarre (2019). Her research interests are urban logistics, humanitarian logistics, and multi-objective
algorithms. Her email address is lorena.reyes1@unisabana.edu.co.

MARCEL MÜLLER is a research fellow at the Otto von Guericke University Magdeburg. He earned his master degree in
Industrial Engineering for Logistics at the Otto von Guericke University Magdeburg. His research interests include modeling
and simulation of logistics systems and handling deadlocks. His email address is marcel1.mueller@ovgu.de. His website is
https://www.ilm.ovgu.de/mueller.

JANA VOEGL is a research fellow at the Institute of Production and Logistics, with a master’s degree in Environmental and
Biological Resources Management from the University of Natural Resources and Life Sciences Vienna. Her research interests
focus on the modeling and simulation of logistics systems. Her email address is jana.voegl@boku.ac.at.

ANGELICA SARMIENTO LEPESQUEUR is an associate professor at the Center for Optimization Studies at the Colombian
School of Engineering Julio Garavito. Her research focuses on simulation and optimization for logistic systems. Her email
address is angelica.sarmiento@escuelaing.edu.co.

WILLIAM JAVIER GUERRERO is an associate professor at the Faculty of Engineering at Universidad de La Sabana Chia,
Colombia. His research focuses on developing new algorithms and technologies to optimize processes in healthcare. His email
address is william.guerrero1@unisabana.edu.co.

PATRICK HIRSCH is an associate professor at the Institute of Production and Logistics, University of Natural Resources and
Life Sciences Vienna. His research interests include simulation and optimization in sustainable logistics, healthcare logistics,
and disaster management. His email address is patrick.hirsch@boku.ac.at.

1123

https://digital.nhs.uk/data-and-information/publications/statistical/appointments-in-general-practice/appointments-in-general-practice-supporting-information
https://digital.nhs.uk/data-and-information/publications/statistical/appointments-in-general-practice/appointments-in-general-practice-supporting-information
https://www.reuters.com/article/us-doctor-checkup-duration-idUSKBN1DS2Z2
https://www.reuters.com/article/us-doctor-checkup-duration-idUSKBN1DS2Z2
mailto://lorena.reyes1@unisabana.edu.co
mailto://marcel1.mueller@ovgu.de
https://www.ilm.ovgu.de/mueller
mailto://jana.voegl@boku.ac.at
mailto://angelica.sarmiento@escuelaing.edu.co
mailto://william.guerrero1@unisabana.edu.co
mailto://patrick.hirsch@boku.ac.at

	INTRODUCTION
	LITERATURE REVIEW
	Optimization Criteria
	  Response Time
	  Patients' Preferences


	PROBLEM DESCRIPTION
	METHODOLOGY
	Input Data Preprocessing
	Sample Average Approximation Approach

	COMPUTATIONAL EXPERIMENTS
	CONCLUSIONS

