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Abstract

During the last decades, optimization for home health care services has become increas-
ingly important. In this study, we model a home health care model which is close to reality
by taking uncertainty in nurse availability (e.g. they might call sick on a short notice) into
account. Different features arising from the home health care services in the reality are also
stated. A mixed integer linear programming formulation is developed to present the deter-
ministic case of the studied problem in which uncertainty is ignored. A nonlinear formulation
formulated based on the principles of robust optimization is also developed to represent the
robust home health care model in which uncertainty is taken into account. An algorithm
based on the integration of mathematical models, genetic algorithm, and robust optimization
is proposed. Experimental results on real historical data from a company operating in Lugano
Switzerland show that the method we propose is efficient to provide a weekly operational plan.

1 Introduction

Nowadays, the demand of nursing at home has significantly increased. Consequently, home health
care (HHC) service has become an important alternative to the traditional hospital Caffrey et al.
(2011). It plays a vital role in reducing health care costs and improving the clinical conditions of
those who are in need of nursing but prefer to have treatments at their home.

Different studies in the field of operations research and optimization have been applied to HHC
workforce planning; see for example reviews in Burke et al. (2004); Genet et al. (2011). To increase
the efficiency of resource utilization., optimization in nurse-patient assignment, nurse routing, and
timing schedule for visits at patients are crucial issues to address.

Solving these NP-hard problems are challenge because of the features of HHC services. The
most common approach when planning workforce is to address individually and separately sub-
problems (i.e., different phases are in charge of making different decisions and there is no interac-
tion between phases) in which some practical constraints are diminished. From a combinatorial
optimization point of view, applying hierarchical approaches decreases the level of difficulty but
typically does not allow to reach optimal solutions. From the point of view of industry of HHC,
diminishing the practical constraints would simplify the HHC model but the solutions obtained
would be less realistic to be applied to the real-life HHC services.

Recent studies have improved the HHC models in the literature and proposed solution approach
to solve subproblems in a single phase. Particularly, in previous works Nguyen & Montemanni
(2013, 2016), authors have introduced a flexible HHC model and have proposed two alternative
mixed integer linear programming (MILP) formulations for solving the studied problem to optimal.
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Based on the HHC model proposed in Nguyen & Montemanni (2013), a study presented in
Nguyen et al. (2015) has considered the following important features of the real-life HHC services.
Each working day is divided into different periods called shifts to plan a 24/7 service. Patients
prefer to be visited at the same interval of time windows during their treatment. Patient’s demands
must be fully satisfied. Nurses may call in sick at short notice.

To handle large instances of the real-life HHC services in a reasonable time, a matheuristic
algorithm (see Maniezzo et al. (2009) for definition) has been proposed in Nguyen et al. (2015).
The approach is to solve subproblems sequentially but interactively in a single phase and to
provide sufficient solutions. Robust optimization (Bertsimas & Sim, 2003) is integrated to handle
the uncertainty in nurse availability. Results obtained from Nguyen et al. (2015) show that the
proposed matheuristic algorithm is able to solve large instances in reality and to provide a weekly
operational HHC plan. The convergence seems to be quite premature.

The first aim of this work is to detail the one carried out in Nguyen et al. (2015) in terms of
problem description, solution approach. The second aim of this work is to improve and evaluate
the performance of the algorithm introduced in Nguyen et al. (2015).

With reference to describing the problem, first we focus on different features arising from
the demands of stakeholders (such as care providers, nurses, patients, etc.) who are involved in
the real-life HHC services (see Section 3). Note that being able to understand clearly the real-life
problems is helpful in modeling the HHC models that are as close as possible to the reality. A clear
description of the studied HHC model is then presented in mathematical language using a mixed
integer linear programming (MILP) formulation (see Section 4) and a nonlinear formulation (see
Section 5). For description of solution approach, we describe the algorithm introduced in Nguyen
et al. (2015) in details (see Section 6).

To improve the performance of the algorithm introduced in Nguyen et al. (2015), we propose
a mutation operator (see Section 6.5). The aim of integrating a mutation operator is to overcome
the stagnation problem observed in Nguyen et al. (2015). With reference to the evaluation of the
algorithm, we discuss the effect of embedded MILP models which are solved using MILP-solver on
the performance of the algorithm. We then analyze if integrating mutation operator is necessary
to help the algorithm escape local optima and consequently improve the quality of the solution
(see Section 7). Experiments are conducted on real historical data from a company operating in
Lugano Switzerland. Finally, we summarize our findings from this study and potential directions
for the extension of this study in Section 8.

2 Related works

During the last decades, many studies dealing with subproblems (nurse-patient assignment and
nurse routing) arising from the HHC services are proposed. These studies introduce many HHC
models with different assumptions. For instance, authors in Cappanera & Scutellà (2014); Mac-
donald (2010) ignore the the fact of overtime in their proposed HHC model. In Nickel et al. (2009);
Trautsamwieser & Hirsch (2011), however, the cost of overtime is taken into account. With refer-
ence to serving patients, all the requests of patients can be partially covered without penalty cost
(Cappanera & Scutellà, 2014; Trautsamwieser & Hirsch, 2011) or all the unsatisfied demands have
to be covered with a dummy nurse under a penalty cost (Nickel et al., 2009). Moreover, authors in
Nickel et al. (2009) assume that each nurse owns a set of qualifications (i.e. can a nurse be assigned
to a certain type of task or not), but in Cappanera & Scutellà (2014); Trautsamwieser & Hirsch
(2011); Macdonald (2010), each nurse owns an exact level of skill (i.e. a nurse can be assigned to
a task only if her skill level is high enough for that type of task). In addition, patients can request
particular days for their treatments or have to follow the fix set of possible combinations of days
which are given by care providers (Cappanera & Scutellà, 2014), nurses must depart and end their
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tour at only one health care office or at their homes (Macdonald, 2010), etc.
As mentioned in Section 1, the solution approaches proposed to solve these subproblems arising

in HHC services can be classified either as two-phase approaches or single-phase approaches. In
the two-phase approaches, there is no interaction between the processes of handling nurse-patient
assignment and nurse routing. However, the travel times between patients assigned to the same
nurse must be known in advance when making decisions about the nurse-patient assignment (the
first phase). To deal with this challenge, a two-phase based study presented in Yalçındağ et al.
(2014), for example, proposes to use Kernel Regression to estimate the travel times in the first
phase. With reference to the single-phase approaches, a study in Nguyen & Montemanni (2016)
presents two alternative MILP formulations to solve all these subproblems simultaneously. In
addition to exact methods, heuristic based approaches are still the most suitable ones for handling
large instances as well many realistic constraints when solving these subproblems in a single phase.
The study in Rendl et al. (2012) takes preferences about the transportation mode of nurses into
account and suggests single-phase based hybrid heuristics (a combination of different metaheuris-
tics and Constraint Programming). With reference to dealing with the uncertain facts in the home
health care services, in Lanzarone et al. (2010) authors provide a stochastic approach to handle the
uncertain demand of patients. In Nguyen et al. (2015), a HHC model that takes the uncertainty in
nurse availability into account is introduced. A single-phase based robust matheuristic algorithm
is proposed in which nurse-patient assignment and nurse routing problems are sequentially and
interactively handled within the framework of genetic algorithm (GA). To address the uncertainty
of the problem data, robust optimization and stochastic optimization are alternative approaches
used in the literature. Unlike the models using stochastic optimization approaches (see Birge &
Louveaux (1997) for an introduction), robust optimization models do not need probability distri-
bution information (which is normally difficult to obtain or would cause difficulties in solving the
model). Instead, uncertain data are expressed via intervals or discrete scenario sets. Therefore,
applying robust optimization approaches often has a significant benefit in terms of execution time
compared to the stochastic optimization approaches. In robust optimization methods like Bertsi-
mas & Sim (2003); Ben-Tal & Arkadi (1998), the reliability (i.e. robustness) of a solution against
the uncertainty is configured via the conservativeness degree parameter. As the conservativeness
degree is increased, solutions are evaluated under a more pessimistic scenario, which leads the
optimization algorithm towards the solutions which are not broken under that pessimistic sce-
nario. By using different conservativeness degree settings, alternative solutions with various costs
in the best-case scenarios and with various robustness levels can be obtained, allowing the decision
maker to analyze the trade-off between cost and robustness (e.g. see the experiments in Toklu et
al. (2013)).

3 Realistic features arising from the real-life HHC services

With the increasing demand of nursing at home, the need for solutions in terms of strategy and
operational planning in HHC is also increased. Therefore, it is important to identify features
causing challenges to organize and operate the HHC services. In this section, such features are
categorized into: (i) the needs of care providers; (ii) labor regulations; (iii) preferences from
patients; (iv) desires, skills and availability of nurses.

The needs of care providers. Because of technological advances, there are, nowadays, more
expectations for the high level of service. Care providers, therefore, are getting more and more
pressure to successfully organize and run the HHC services. On the one hand, they would like to
improve the quality of service, on the other hand, they are trying to reduce their budget as much
as possible. As a consequence, achieving the highest possible utilization of nurses is important
for them to be able to fully handle the demands of patients. However, managers must take the
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labor regulations about working hours into account when making decisions about nurse-patient
assignment and nurse routing.

Labor regulations. The care providers always tend to meet all the demands at the lowest
operational cost. With a limited budget, the nurses are often utilized through their working hours.
With reference to the basic conditions of employment laws, the care providers, therefore, must
consider the maximum allowed value of regular working hours. Overtime hours also need to be
considered if a nurse spends more than the limit of regular working hours finishing all the jobs
assigned to her. There is a maximum allowed value of overtime hours. The wage for each hour of
overtime is paid by raising the hourly rate of the regular working wage by fifty percent.

Preferences from patients. The patients served by HHC services are often frail and elderly
people. They demand different treatments that require different skills as well as different intensities
of care, according to their health conditions. Normally they want to be served by many years
experience nurses and prefer to be visited by the same nurses during their nursing period. Because
of the characteristics of treatments, the necessity of starting service within a given interval for
certain treatments is needed. In other words, such a treatment has hard time windows related to
the patient. In addition, because of HHC environment, patients often prefer to have the treatment
at their convenience. The intervals favored by patients are called soft time windows and normally
tighter the hard time windows. If the starting time of service is out of the interval of soft time
windows, there will be an associated extra costs for being unable to meet patient’s requirement.
The managers, therefore, tend to avoid the violations of soft time windows when possible, but
accepted if necessary.

Desires, skills and availability of nurses. Like other organizations in the health care
industry, work environment in HHC is challenging in terms of dealing with the diverse types of
tasks (such as assisting with activities of daily living, wound care, performing household chores,
back injuries, muscle strain, heart disease, osteoarthritis, respiratory ailments, etc. ) required by
patients. Consequently, the nurses are demanded to be able to operate as much as possible the
number of different tasks. In the reality, it is very costly to hire a nurse who has experience for a
wide range of skills.

Assigning a nurse to a certain type of task depends not only on her qualification but also
on her availability. Regular working hours in HHC is often divided into three separate working
shifts (morning, afternoon, evening). Each nurse will be available for working in only one working
shift per day. The managers, therefore, need to take all time windows of nurses, time windows of
patients, qualification of nurses, and types of skills required by tasks into account when assigning
a nurse to a patient.

The official nurses are likely to desire a balance in workload among them. The tours (the
lists of patients in a specific order to visit) of nurses, therefore, must be balanced in terms of the
number of patients as well the total of travel time.

In addition, to operate a set of tasks assigned to them, spending time setting up the associated
tools and equipments is needed every day. The official nurses, therefore, do not want their plans
to be changed at the last minutes. When the managers get information about an official nurse is
not available for working (nurse calling sick on a short notice), they must call an external nurse to
replace temporarily the missing official nurse. In our model, the external nurses are always available
on the market. They are from the emergency nurse agency and have experience for a wide range
of skills. However, it is very expensive to hire an external nurse, according to the number of skills
they are requested. To cover all the given demands required by patients without affecting the
working plans assigned to other nurses, such an external nurse will visit the patients which were
assigned to the missing official nurse, by following the route which was originally planned. As a
consequence, before getting to know the unavailability of the official nurses, the managers must
decide all the routes that cover all the given patients. In this phase of making decisions, if the
current official nurses are not efficient enough in terms of qualification and quantity, calling the
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external nurses from the market to fully cover the given demands is needed. Because the hiring
cost paid for an external nurse is much more expensive compared to the cost for assigning the
tasks to an official nurse, it is important to reduce as much as possible the number of external
nurses.

4 A deterministic HHC model

To have better understanding of the studied HHC model in which the availabilities of nurses are
uncertain, we first describe its deterministic version (i.e., the availabilities of nurses are known
in advance). Let DeterministicHHC model stand for the deterministic HHC model. This
model is an extension of the one proposed in Nguyen & Montemanni (2013). Realistic features
which have not been addressed in Nguyen & Montemanni (2013) are taken into account in the
DeterministicHHC model. The first extension is the consideration of planning a 24/7 HHC
service. Dividing a day into different periods called shifts is necessary. The second extension is
that patient’s demands must be fully satisfied. In addition, patients prefer to be visited in the
same interval of time windows during their treatment.

With the additional features, let us explain the following changes in modeling the deterministic
HHC model DeterministicHHC compared to the model presented in Nguyen & Montemanni
(2013). Patient and job are separately represented. This way of modeling differs from the way
used in Nguyen & Montemanni (2013) and in Bertels & Fahle (2006). Each day, an official nurse
(i.e., who is available in the team) has a hard time window which represents for a specific shift
for that she is available to work. Each official nurse: i) is available for only one shift per day;
ii) is able to cover a subset of performances (i.e., a set of her skills) for which she has received
a full training; iii) gets paid a fixed cost anyway, both in case she visits patients or stays at the
office. The patients uncovered because of the insufficiency of official nurses will be visited by
external nurses. External nurses (i.e., who are always available on the market and not under a
contract with the company) are called to work whenever official nurses are not sufficient to fully
meet the requirements of patients. Each external nurse gets paid a typically very high hiring cost
varied based on the number of skills she is required to have. Each external nurse can efficiently
operate any performance. However, to avoid paying external nurses with a very high hiring cost
when planning workforce, we assume that manager prefers to set a maximum allowed value for the
number of skills expected from the external nurses called in case official nurses are not sufficient
(e.g., hiring two external nurses required with a small number of skills is more desirable than
hiring an external nurse required with too many skills). Both official and external nurses must
start and end their routes at the central office in order to pick up and return, respectively, the
tools and equipments needed to operate all the tasks assigned. The objective is to find a workforce
planning that satisfies all the desires of both nurses and patients at a lowest operational cost. Let
χ be an obtained solution. The cost SolutionCost(χ) of the solution χ is a sum of costs for
hiring official and external nurses over the planning horizon HiringCostTot(χ), traveling that
arises from all the routes designed for nurses over the planning horizon TravelCostTot(χ), and
penalty of time window violations and overtime over the planning horizon PenaltyCostTot(χ).

According to the results found in Nguyen & Montemanni (2016) from comparing the perfor-
mances between two alternative MILP formulations for the HHC model proposed in Nguyen &
Montemanni (2013), we formulate a MILP formulation for the DeterministicHHC model based
on the Big-M -based MILP formulation proposed in Nguyen & Montemanni (2013). The details
of the MILP formulation for the DeterministicHHC model is as follows:

Set and index:

• i, j: office if i, j = 0 and patient if i, j 6= 0
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• n: nurse n

• k: working shift k

• d: working day d

• p: performance p (which is equivalent to skill)

• l: level of ability l (which is equivalent to the number of skills for that an external nurse is
requested to have is l) l ∈ Z, 0 ≤ l ≤ |P |

• J : a set of patients and the office

• O: a set of official nurses

• E: a set of external nurses

• P : a set of performances (which is equivalent to skills) of medical treatments which can be
handled by the official and external nurses

• D: a set of working days during the planning horizon

• K: a set of working shifts (there are three shifts representing morning, afternoon, and
evening)

Parameters:

• M: a big value

• Π: a maximum allowed value of the number of skills for which a called external nurse n ∈ E
is required to have

• [sk, ek]: the time interval of shift k ∈ K

• [stj , stj ]: soft time windows for the starting time of service (medical treatment) required by
patient j

• [lbvj , ubvj ]: hard time windows for the starting time of service (medical treatment) required
by patient j

• cj : penalty cost arising when the service starts before time stj

• cj : penalty costs arising when the service starts after time stj

• qjpd: if performance p is required by patient j on day d then qjpd = 1, otherwise qjpd = 0

• bdkjp : on day d, if the interval of soft time window [stj , stj ] of patient j, who requires perfor-

mance p, belongs to the time interval of shift k, then bdkjp = 1, otherwise bdkjp = 0

• z′p: duration of the performance p (which is equivalent to the service time zj at patient j on
day d if qjpd = 1)

• tij : traveling time between patients i and j

• β: the cost for every unit of traveling time

• Pn ⊂ P a set of performances (skills) that can be efficiently operated by nurse n ∈ O
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• fnp: if the official nurse n is able to operate the performance p, then fnp = 1, otherwise
fnp = 0

• adkn : if nurse n is available on shift k on day d then adkn = 1, otherwise adkn = 0

• Cn: the daily hiring cost paid for the official nurse n ∈ O (according to her experience) in
both cases she visits patients or stays at the office.

• δl: the daily hiring cost paid for an external nurse when she is required to have the level of
ability is l. If l = 0 then δl = 0, otherwise δl > 0

• L: a maximum allowed value of the working time (including both regular working hours and
overtime working hours) on a day for a nurse

• T : a maximum allowed value of the regular working time on a day for a nurse

• co: the cost for every unit of overtime working hours

Assumptions:

• Each hard time window of performance p required on day d by patient j belongs to the time
interval of only one shift

• A patient j ∈ J needs at most a performance p ∈ P on a required day d ∈ D:∑
p∈P qjpd ≤ 1 j ∈ J \ {0}, d ∈ D

• Official nurse n ∈ O does not need to visit any patient on a working day if there is no demand
to handle, even though that nurse is available on that day

• External nurses are always available on the market to work at any time

• External nurses are able to efficiently operate any performance (skills)

• For each day, an official nurse n is always available exactly on one working shift k∑
k∈K a

dk
n = 1 n ∈ O, d ∈ D

• Because of the hiring cost paid for an external nurse is very expensive according to the
number of skills that is requested, we assume that there is a limit on the maximum number
of skills that are requested for each external nurse n ∈ E who is called when making the
original plans. This value will be decided by the managers.

Variables:

• ỹnd: the hiring cost paid for an external nurse n on day d

• yndj : if nurse n is assigned to patient j on day d then yndj = 1, otherwise yndj = 0

• xndij : if patient j is visited immediately after patient i by nurse n on day d then xndij = 1,

otherwise xndij = 0

• snd: the starting time of nurse n on day d

• end: the ending time of nurse n on day d

• stdj : the time at which service is started at patient j on day d

• ond: overtime cost paid for nurse n on day d
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• etwvdj : early time window violation penalty cost at patient j on day d (when the service
starts before the beginning time stj of soft time window)

• ltwvdj : late time window violation penalty cost at patient j on day d (when the service starts
later the ending time stj of soft time window)

• HiringCostTot(χ): total hiring cost paid for both official nurses n ∈ O and external
nurses n ∈ E if they are scheduled to work in the obtained solution χ

• TravelCostTot(χ): total traveling cost arising from the routes of both official nurses
n ∈ O and external nurses n ∈ E if they are scheduled to worked in in the obtained solution
χ

• PenaltyCostTot(χ): total penalty cost for time window violations and overtime arising
from the routes of both official nurses n ∈ O and external nurses n ∈ E if they are scheduled
to worked in the obtained solution χ

Objective function:

Min HiringCostTot(χ) + TravelCostTot(χ) + PenaltyCostTot(χ) (1)

Constraints:

• On day d, official nurse n can only be assigned to patient j if all the following conditions are
met: (i) on day d patient j requires performance p within the interval of shift k; (ii) nurse
n is able to operate the performance p; (iii) on day d nurse n is available on shift k;

yndj ≤ bdkjpfnpadkn n ∈ O, d ∈ D, j ∈ J \ {0} (2)

• Nurse n must visit patient j once on day d only if she is assigned to patient j on day d.∑
i∈J,i 6=j

xndij = yndj n ∈ O ∪ E, d ∈ D, j ∈ J \ {0} (3)

• All the demands required by patient j over the planning horizon must be satisfied∑
n∈O∪E

∑
d∈D

∑
i∈J,i 6=j

xndij =
∑
d∈D

∑
p∈P

qjpd j ∈ J \ {0} (4)

• For each day d, the upper bound of the amount of overtime cost paid for each nurse n is
constrained as follows:

ond ≥ co
(
end − snd − T

)
n ∈ O ∪ E, d ∈ D (5)

• For each day d, the upper bounds of the early time window violation penalty cost at patient
j is constrained as follows:

etwvdj ≥
(
stj − stdj

)
cj
∑
p∈P

qjpd j ∈ J \ {0}, d ∈ D (6)

• On day d, the upper bounds of the late time window violation penalty cost at patient j is
constrained as follows:

ltwvdj ≥
(
stdj − stj

)
cj
∑
p∈P

qjpd j ∈ J \ {0}, d ∈ D (7)
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• On day d, the total working time of each nurse n cannot exceed the maximum allowed value.

end − snd ≤ L d ∈ D,n ∈ O ∪ E (8)

• The starting times of services at patients are guaranteed to be feasible in the following
constraints:

snd + t0j −M
(

1− xnd0j

)
≤ stdj n ∈ O ∪ E, d ∈ D, j ∈ J \ {0} (9)

stdj +
∑
p∈P

qjpdz
′
p + tj0 −M

(
1− xndj0

)
≤ end n ∈ O ∪ E, d ∈ D, j ∈ J \ {0} (10)

stdi +
∑
p∈P

qipdz
′
p + tij −M

(
1− xndij

)
≤ stdj n ∈ O ∪ E, d ∈ D, i, j ∈ J \ {0}, i 6= j (11)

• Each patient j is visited exactly once on day d by only one nurse if patient j has demand
on day d. ∑

n∈O∪E

∑
i∈J,i 6=j

xndij =
∑
p∈P

qjpd j ∈ J \ {0}, d ∈ D (12)

• On day d, though nurse n is available, we allow the case that she can stay at the office if
necessary (which is equivalent to she is not scheduled to visit any patient).∑

j∈J\{0}

xnd0j ≤ 1 n ∈ O ∪ E, d ∈ D (13)

• If nurse n visits at least one patient on day d then she has to start once and end once at the
office. ∑

j∈J,j 6=0

xndj0 =
∑

j∈J,j 6=0

xnd0j n ∈ O ∪ E, d ∈ D (14)

• On day d, if nurse n is scheduled to visit patient j, she has to leave the patient after visiting.∑
i∈J,i 6=j

xndij =
∑

i∈J,i 6=j

xndji n ∈ O ∪ E, d ∈ D, j ∈ J \ {0} (15)

• On day d nurse n will not visit any patient if she is not scheduled to work on that day.∑
j∈J\{0}

∑
i∈J,i 6=j

xndij ≤M
∑

i∈J\{0}

xnd0i n ∈ O ∪ E, d ∈ D (16)

• For each official nurse n, if she visits patients on a working day d ∈ D, she will start at the
starting time of the working shift scheduled for her on that day. Otherwise, her starting
time on that day is equal to zero.

snd =
∑
k∈K

adkn sk
∑

j∈J\{0}

xnd0j n ∈ O, d ∈ D (17)
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• For each external nurse n, if she is not called then her starting time is equal to zero. If she
is called to visit patients on a working day d ∈ D, at the first patient on her tour, she must
start service at the beginning time of the soft time window preferred by that patient. As a
consequence, her starting time for that day is constrained as follows:

snd =
∑

j∈J\{0}

xnd0j stdj −
∑

j∈J\{0}

xnd0j t0j n ∈ E, d ∈ D (18)

• If nurse n does not visit any patient on day d then her ending time on day d is equal to zero.

end ≤M
∑

j∈J\{0}

xnd0j n ∈ O ∪ E, d ∈ D (19)

• The service at patient j must be started within the associated hard time windows as follows:

lbvj ≤ stdj d ∈ D, j ∈ J \ {0} (20)

stdj ≤ ubvj d ∈ D, j ∈ J \ {0} (21)

• On day d, if an external nurse n ∈ E is called to work, the number of skills for that she is
required to have does not exceed the maximum allowed value.∑

p∈P
Min

(
1,
∑
j∈J\{0} y

nd
j qjpd

)
≤ Π d ∈ D,n ∈ E (22)

Note that, constraints (22) are nonlinear. The linear form of (22) is presented in Section 4.1.

• On day d, the hiring cost paid for an external nurse n if she is called to worked is defined as
follows:

ỹnd = δl

∣∣∣l =
∑
p∈P Min

(
1,
∑
j∈J\{0} y

nd
j qjpd

)
d ∈ D,n ∈ E (23)

Note that, constraints (23) are nonlinear. The linear form of (23) is presented in Section 4.2.

• In solution χ for the whole planning horizon, the total hiring cost paid for the external nurses
if they are called to worked and paid for the official nurses is defined as follows:

HiringCostTot(χ) =
∑
n∈O

∑
d∈D

Cn +
∑
n∈E

∑
d∈D

ỹnd (24)

• In solution χ for the whole planning horizon, the total traveling cost arising from all the
routes planned is defined as follows:

TravelCostTot(χ) =
∑

n∈O∪E

∑
d∈D

∑
j∈J

∑
i∈J,i 6=j

βxndij tij (25)

• In solution χ for the whole planning horizon, the total penalty cost for time window violations
and overtime arising from all the routes planned is defined as follows:

PenaltyCostTot(χ) =
∑

n∈O∪E

∑
d∈D

ond +
∑

j∈J\{0}

∑
d∈D

(
etwvdj + ltwvdj

)
(26)
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• Domains of variables

ỹnd ≥ 0 n ∈ O ∪ E, d ∈ D (27)

yndj ∈ {0, 1} n ∈ O ∪ E, j ∈ J, d ∈ D (28)

xndij ∈ {0, 1} n ∈ O ∪ E, d ∈ D, i, j ∈ J, i 6= j (29)

snd, end ≥ 0 n ∈ O ∪ E, d ∈ D (30)

etwvndj , ltwvndj , stndj ≥ 0 n ∈ O ∪ E, d ∈ D, j ∈ J (31)

ond ≥ 0 n ∈ O ∪ E, d ∈ D (32)

HiringCostTot(χ),TravelCostTot(χ),PenaltyCostTot(χ) ≥ 0 (33)

Finally, let us sum up the definition of the DeterministicHHC model as follows:

DeterministicHHC



minimize
HiringCostTot(χ) + TravelCostTot(χ) + PenaltyCostTot(χ)

subject to
(2), (3), (4), (5), (6), (7), (8), (9), (10), (11), (12), (13),
(14), (15), (16), (17), (18), (19), (20), (21), (22), (23),
(24), (25), (26), (27), (28), (29), (30), (31), (32), (33)

Note that, constraints (22) and (23) are nonlinear. To have the MILP formulation of the De-
terministicHHC model, we need to replace constraints (22) and (23) with the associated linear
forms presented in Section 4.1 and 4.2, respectively.

4.1 Linearizing constraints (22)

To linearize constraints (22), ∀d ∈ D,n ∈ E1, p ∈ P we introduce new variables Yndp ≥ 0
and Y ndp ∈ {0, 1}. Let Yndp =

∑
j∈J\{0} y

nd
j qjpd and Y ndp = Min(1, Yndp), the linear form of

constraints (22) is represented by a set of the following constraints:

Yndp =
∑

j∈J\{0}

yndj qjpd d ∈ D,n ∈ E1, p ∈ P (34)

Yndp ≥ Y ndp d ∈ D,n ∈ E1, p ∈ P (35)

Yndp ≤ Y ndp(|J | − 1) d ∈ D,n ∈ E1, p ∈ P (36)

∑
p∈P

Y ndp ≤ Π d ∈ D,n ∈ E1 (37)

Yndp ≥ 0 d ∈ D,n ∈ E1, p ∈ P (38)

Y ndp ∈ {0, 1} d ∈ D,n ∈ E1, p ∈ P (39)
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4.2 Linearizing constraints (23)

Constraints (23) can be reformulated using variables Y ndp ∈ {0, 1} introduced in Section 4.1 as
follows:

ỹnd = δl

∣∣∣l =
∑
p∈P

Y ndp d ∈ D,n ∈ E1 (40)

Let ŷndp be new variables. Let P =
{
p ∈ Z

∣∣∣0 ≤ p ≤ |P |
}

represent a set of possibilities for the

number of skills for that we require an external nurse to have. We can now replace constraints
(40) with the following constraints:

ŷndp ∈ {0, 1} d ∈ D,n ∈ E1, p ∈ P (41)

ŷndp =

{
1 if the number of required skills is p ∀d ∈ D,n ∈ E1

0 otherwise ∀d ∈ D,n ∈ E1
(42)

ỹnd =
∑
p∈P

δpŷndp d ∈ D,n ∈ E1 (43)

Consequently, we need to linearize constraints (42) to have a linear form of constraints (40). Let
y′ndp be auxiliary variables and be defined as follows:

y′ndp ≥ 0 d ∈ D,n ∈ E1, p ∈ P (44)

y′ndp =
∣∣∣∑
p∈P

Y ndp − p
∣∣∣ d ∈ D,n ∈ E1, p ∈ P (45)

The following constraints represent the relation between variables y′ndp and ŷndp.{
if y′ndp = 0 then ŷndp = 1 ∀d ∈ D,n ∈ E1, p ∈ P
if y′ndp > 0 then ŷndp = 0 ∀d ∈ D,n ∈ E1, p ∈ P

(46)

Let y′′ndp be auxiliary variables. We now replace constraints (46) with the following constraints:

y′′ndp ∈ {0, 1} d ∈ D,n ∈ E1, p ∈ P (47)

{
if y′′ndp = 0 then ŷndp = 1 ∀d ∈ D,n ∈ E1, p ∈ P
if y′′ndp = 1 then ŷndp = 0 ∀d ∈ D,n ∈ E1, p ∈ P

(48)

{
if y′ndp = 0 then y′′ndp = 0 ∀d ∈ D,n ∈ E1, p ∈ P
if y′ndp > 0 then y′′ndp = 1 ∀d ∈ D,n ∈ E1, p ∈ P

(49)

The linear form of constraints (48) is represented by a set of the following constraints:

y′′ndp + ŷndp = 1 d ∈ D,n ∈ E1, p ∈ P (50)
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The linear form of constraints (49) is represented by a set of the following constraints:

y′′ndp ≤ y′ndp d ∈ D,n ∈ E1, p ∈ P (51)

|P |y′′ndp ≥ y′ndp d ∈ D,n ∈ E1, p ∈ P (52)

To summarize, so far we can replace constraints (40) with a set of following constraints: (41), (43),
(44), (45), (47), (50), (51), (52). Note that, constraints (45) are nonlinear. As a consequence, we
need to linearize constraints (45) to have a linear form of constraints (40).

Linearizing constraints (45). Let y′′′ndp be auxiliary variables and be defined as follows:

y′′′ndp =
∑
p∈P

Y ndp − p d ∈ D,n ∈ E1, p ∈ P (53)

y′′′ndp ∈ Z d ∈ D,n ∈ E1, p ∈ P (54)

Let y′′′′ndp be auxiliary variables and be defined as follows:

y′′′′ndp ∈ {0, 1} d ∈ D,n ∈ E1, p ∈ P (55)

The relation between y′′′ndp and y′′′′ndp is represented as follows:{
if y′′′ndp ≤ 0 then y′′′′ndp = 0 ∀d ∈ D,n ∈ E1, p ∈ P
if y′′′ndp > 0 then y′′′′ndp = 1 ∀d ∈ D,n ∈ E1, p ∈ P

(56)

The connections between y′ndp, y
′′′
ndp and y′′′′ndp are represented as follows:

y′ndp ≥ y′′′ndp d ∈ D,n ∈ E1, p ∈ P (57)

y′ndp ≥ −y′′′ndp d ∈ D,n ∈ E1, p ∈ P (58)

y′ndp ≤ y′′′ndp + 2| − p|(1− y′′′′ndp) d ∈ D,n ∈ E1, p ∈ P (59)

y′ndp ≤ −y′′′ndp + 2(|P | − p)y′′′′ndp d ∈ D,n ∈ E1, p ∈ P (60)

Note that constraints (56) are nonlinear. The linear form of constraints (56) is represented by the
following constraints:

y′′′ndp ≤ (|P | − p)y′′′′ndp d ∈ D,n ∈ E1, p ∈ P (61)

y′′′ndp ≥ −p(1− y′′′′ndp) d ∈ D,n ∈ E1, p ∈ P (62)

To summarize, the linear form of constraints (45) is represented by a set of the following constraints:
(53), (54), (55), (57), (58), (59), (60), (61), (62).

Finally, the linear form of constraints (40) is represented by a set of the following constraints:
(41), (43), (44), (47), (50), (51), (52), (53), (54), (55), (57), (58), (59), (60), (61), (62).
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5 A robust HHC model

In this section, the studied robust HHC model is presented and is denoted as UncertaintyHHC
model. This model is an extension of DeterministicHHC model in terms of closeness to reality.
In particular, we take uncertain availabilities of the official nurses (she may call in sick) into
account. With the additional feature, let us explain the following changes in modeling the model
compared to the DeterministicHHC model. Each official nurse n ∈ O may take the days off in a
short notice (e.g., she is sick suddenly). The patients uncovered because of either the insufficiency
or the absence of official nurses will be visited by external nurses.

With the consideration of uncertainty in nurse availability, the process of making decisions has
two stages. In the first stage called the stage of making original decisions, the original decisions
are made based on an assumption that all the official nurses are always available. In this stage,
if the official nurses are not sufficient to cover all the demand, it is needed to call the external
nurses from the market to cover fully the given demand. To avoid paying external nurses with a
very high hiring cost when planning workforce, we assume that managers prefer to set a maximum
allowed value for the number of skills expected from the external nurses called in this stage.

In the second stage called the stage of handling uncertainty, if the decision makers get infor-
mation about the absence of an official nurse on a short notice, they will fix the original decisions
according to the current situation by calling an external nurse from the emergency external nurses
agency. The external nurse called in this stage will handle the patients which were assigned to
the missing official nurse, by following the route which was originally planned. We assume that
managers do not set a maximum allowed value for the number of skills expected from the exter-
nal nurses called in this stage. Note that, if the missing official nurse is not scheduled to visit
patients in the stage of making original decisions, the original decisions will not be influenced by
her absence. Therefore, it is not necessary to call an external nurse to replace her.

The cost SolutionCost(χ) of the obtained solution χ is a total of costs arising from both
stages. The stage of making original decisions causes the total operational cost that is a sum of
costs for hiring official and external nurses over the planning horizon HiringCostTot(χ), trav-
eling that arises from all the routes designed for nurses over the planning horizon TravelCost-
Tot(χ), and penalty of time window violations and overtime over the planning horizon Penal-
tyCostTot(χ). The stage of handling uncertainty causes the total potential extra cost arising
from the absence of official nurses over the planning horizon TotalPotentialExtraCost(χ).
The objective is to find a robust solution χ whose resulting solution cost SolutionCost(χ) is
acceptable even in the worst presence of uncertainty in nurse availability.

Based on the MILP formulation of the DeterministicHHC model presented in Section 4,
we formulate a nonlinear formulation to mathematically describe the UncertaintyHHC model.
Let and be a binary valued uncertain coefficients on the availability of official nurse n ∈ O on day
d: and = 1 means that official nurse n calls sick on a short notice, otherwise she is available to
work. Let ∆nd and λnd variables represent for the potential replacement cost and the potential
extra cost arising from the absence of an official nurse n on day d, respectively. For each official
nurse n ∈ O, her potential replacement cost ∆nd on day d is equivalent to the hiring cost paid
for the associated external nurse. Therefore, similar to the value of ỹnd variable determined in
constraints (23), the value of ∆nd variable is easily determined according to the number of skills
required from the route designed for the official nurse n on day d as follows:

∆nd = δl

∣∣∣l =
∑
p∈P Min

(
1,
∑
j∈J\{0} y

nd
j qjpd

)
d ∈ D,n ∈ O (63)

∆nd ≥ 0 d ∈ D,n ∈ O (64)
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For each official n ∈ O who is scheduled to visit patients, we assume that ∆nd > Cn. In addition,
we assume that apart from the hiring cost considered as salary, the income of each official nurse
involves the quarterly substantial bonus that is varied according to her quarterly score given based
on the feedback from her patients. The quarterly substantial bonus is considered as a big benefit
for being an official nurse. Therefore, we assume there is a penalty on the official nurse if she is
not available to work. In other words, we will not pay the hiring cost for an official nurse who
does not show up. The potential extra cost λnd arising from the absence of an official nurse n on
day d is, therefore, the subtraction of her hiring cost Cn from her potential replacement cost ∆nd.
However, in working environments where such a penalty does not exist, it is very straightforward
to modify the formulation so that there is no subtraction in the potential extra cost. The value
of variable λnd is defined as follows:

λnd =

{
0 if and = 0 ∀n ∈ O, d ∈ D

(∆nd − Cn)
∑
j∈J\{0} x

nd
0j if and = 1 ∀n ∈ O, d ∈ D er (65)

λnd ≥ 0 d ∈ D,n ∈ O (66)

The value of total potential extra cost TotalPotentialExtraCost(χ) affected by the uncer-
tainty in nurse availability is defined as follows:

TotalPotentialExtraCost(χ) =
∑
d∈D

∑
n∈O

λndand

∣∣∣and ∈ {0, 1} (67)

TotalPotentialExtraCost(χ) ≥ 0 (68)

As mentioned in Section 2, the degree of conservatism Γ is an important concept in robust opti-
mization. To provide a model for that the manager is able to configure the conservativeness degree,
we follow the principle of robust optimization approach introduced in (Bertsimas & Sim, 2003).
Note that, the basic idea is same, the mathematical modeling, however, is different because of the
difference in uncertain coefficient type. In Bertsimas & Sim (2003) the authors applied Γ on real
valued uncertain coefficients. In this study, we apply Γ on binary valued uncertain coefficients.

Let us set the conservativeness degree 0 ≤ Γ ≤ 1 is the level of pessimistic thinking of the
manager about the budget for a fraction of the number of missing official nurses. The robustness
of a solution found at the end when setting the value of Γ within the range [0; 1] is equivalent
to the case in which the number of official nurses missing is up to dΓ|O|e. The values of and
are independent from each other and we have not a clue about which values from the set {0, 1}
are more likely. For each day, a set of assumptions about the availability of the official nurses
n ∈ O forms a scenario. To find a robust solution under a desirable conservativeness degree Γ
for the UncertaintyHHC model, all the possible scenarios in which

∑
n∈O and ≤ dΓ|O|e ∀d ∈

D; and ∈ {0, 1} ∀n ∈ O, d ∈ D must be taken into account. The objective is to look for a solution
χ that results in a smallest total cost SolutionCost(χ,Γ) under the worst case scenario of nurse
availability in which the total potential extra cost TotalPotentialExtraCost(χ,Γ) is largest.
The total potential extra cost arising from a solution χ defined in constraint (67) is now can be
reformulated according to the principles of robust optimization as follows:

TotalPotentialExtraCost(χ,Γ) (69)

=
∑
d∈D

max
∑
n∈O

λndand

∣∣∣ ∑
n∈O

and ≤ dΓ|O|e ∀d ∈ D; and ∈ {0, 1} ∀n ∈ O, d ∈ D
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Finally, we define a nonlinear formulation for the UncertaintyHHC model as follows:

UncertaintyHHC



minimize
HiringCostTot(χ) + TravelCostTot(χ)

+PenaltyCostTot(χ) + TotalPotentialExtraCost(χ,Γ)
subject to

(2), (3), (4), (5), (6), (7), (8), (9), (10), (11), (12), (13),
(14), (15), (16), (17), (18), (19), (20), (21), (22), (23),
(24), (25), (26), (27), (28), (29), (30), (31), (32), (33)

(63), (64), (65), (66), (68), (69)

6 A matheuristic optimization approach for robust home
health care services

As stated in Section 2, most of the solution approaches in solving problems arising in HHC
services can be classified either as exact or heuristic methods. The study presented in Nguyen &
Montemanni (2016) evidently shows that under the average instances, an exact method takes a lot
of time (even without considering the uncertainty) to provide optimal assignment, scheduling, and
routing plans for the HHC services. In the reality there are many practical constraints that are not
possible to be modeled in mathematical term or would impose a nonlinear mathematical model.
A heuristic method can only provide good/near-optimal solutions, however, it can be able to deal
with these practical constraints as well as the execution time when handling larger instances.

To inherit the advantages of both exact and heuristic methods, the usage of matheuristic
(Maniezzo et al., 2009) on solving the robust optimization HHC model is applied in previous work
Nguyen et al. (2015). The purpose is to develop efficient and effective solution approaches which
can handle much larger problems. Handling larger problem means that the solution approach is
practical, and usable within the industry, considering that the real-life data can contain dozens
of nurses and hundreds of customers. Moreover, the aim is to obtain a solution for the weekly
operational plan (assignment, scheduling, and routing) of nurses. The obtained solution is resistant
to against uncertainty in nurse availability as well as causes the lowest possible operational cost
and gives the highest possible utilization of nurses. In addition, the obtained solution also provides
patients the best possible achievable quality of services while satisfying reasonable requirements
in practice.

According to Goldberg et al. (1989), GA can be a promising metaheuristic to solve real-life
problems and provide sufficient solutions (in a reasonable time) if it exists. This is because GA
works based on population technique. The good solutions from the current population are favored
to be selected to produce new solutions that form the new population called new generation. The
best solution is, therefore, likely to survive over the generations.

The proposed matheuristic algorithm is a hybridization of mathematical programming, GA,
and robust optimization in which: GA will handle the critical integer decisions (which nurse is
assigned to which patient and which patient is visited right after which patient); the mathematical
programming will solve some subproblems to optimal (minimize the total penalty cost of time
window violation and over time and minimize the total potential cost of replacement and hiring);
the robust optimization is applied in the process of evaluating the uncertainty-aware solutions.
The structure of the proposed matheuristic algorithm is presented in Figure 1.

In this matheuristic approach, considering the set of daysD, |D| number of self-adaptive genetic
algorithms (GA) (see, for example, Pellerin et al. (2004)) are executed concurrently, each GA being
focused on self-adaptation of its execution parameters (crossover and mutation probabilities) and
finding a nurse-patient assignment and routing plan for a different day within D. Note that the
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proposed algorithm is designed to find weekly solutions for the studied problem. However, it is
very straightforward to modify the structure of our algorithm so that the managers can be able
to make daily decisions.

Because the proposed matheuristic algorithm is developed based on the framework of GA, a
number of iterations is executed to reach the good solution. Each iteration of the matheuristic
algorithm is a process in which each GA is independently iterated once to get the best solution so
far. The best-known solution of the matheuristic algorithm after each iteration is the combination
of the so far best solutions of these independent GAs.

In a GA focused on d ∈ D, a solution vector stores the lists of patients to visit (in specified
order) for nurses n ∈ O ∪ E1 within day d. The objective of the GA is the minimization of
solution cost defined in Section 5. The initial population (first generation) of diverse solutions, at
the beginning of GA, is prepared by a heuristic initial population generator (HIPG). Independent
solutions in the present population are then evolved through the evolutionary process involving
evaluation, selection, crossover, mutation operators of GA. This process is repeated until the
maximum number of generations is reached.

The solution cost of a given solution is calculated by the evaluation operator. To correctly
evaluate a solution based on its solution cost under the consideration of uncertainty in nurse
availability, a linear programming (LP) model is integrated into this operator to find the minimum
penalty cost of time window violation and over time based on the optimal starting times of services
at the patients. In addition, the principles of robust optimization are also integrated into this
operator to find the total potential extra cost in the worst case arising from the given solution.

The selection operator is in charge of choosing from the current population a number of so-
lutions called parents that are used to produce new solutions called offspring that form a new
population. The process of reproducing new solutions is done by the crossover operator. A binary
linear programming (0-1 LP) model is integrated into the this operator to handle as much as
possible the practical constraints of the problem and hopefully find the new solutions causing a
minimum potential cost of replacement and hiring. Because the 0-1LPX operator results in new
solutions in such a very exploited way, a mutation operator is in charge of exploring the new
solution at random to balance the exploitation.

The rest of this section is devoted to go into detail about the components of the proposed
matheuristic algorithm in more details.

Figure 1: Structure of the proposed matheuristic algorithm
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6.1 Heuristic initial population generator

Heuristic initial population generator is used to generate the initial population (first generation) of
solutions before starting the evolutionary process of a GA focused on d ∈ D. As stated in Section
5, all demands required by patients must be covered in the feasible solutions. The external nurses
are called in case the official nurses are not efficient to fully cover all the given demands. The
hiring costs paid for external nurses are normally very high. Therefore, the HIPG aims to generate
solutions in which all patients are covered with the smallest possible number of external nurses.

Each solution vector of a GA focused on d ∈ D stores the lists (routes) of patients to visit
(in specified order) for nurses n ∈ O ∪ E within day d. Often, the step of generating initial
solutions is done quickly at random. The diversity among the initial solutions in this step affects
the convergence as well as the performance of GA. Nearest neighbor (NN; see Johnson & McGeoch
(1997) for an explanation) technique is a computationally effective approach to provide solution
in the field of travel salesman problem (TSP). To efficiently generate the initial solutions for the
studied problem (nurse-patient assignment and nurse routing), HIPG is proposed based on the
basic idea of the NN technique (e.g. from the location of current patient, a nurse visits the next
patient who is earliest visitable) to build a tour for each nurse as explained below.

The routes of nurses can be either created sequentially (routes are being built one by one till
there is no demand left) or concurrently (routes are being built at the same time). However,
because of the nature of NN technique, sequentially creating the routes might cause the solutions
in which some routes store many patients whose locations are close, and some routes are sparse.
In the proposed HIPG, the routes of nurses are created concurrently.

When constructing the tour for each nurse, the next patient to visit is selected randomly from
the list of earliest visitable patients whose time windows clash. Figure 2 illustrates an example of
such a group of patients. From the current location (patient 1) of a nurse, she can visit patient 2,
patient 3, and patient 4 at the visitable times 15, 22, and 22 respectively. Therefore, the earliest
visitable patient is patient 2. The visitable time at patient 3 from patient 2 is 15 + 20 + 8 = 43,
that is out of the range of hard time window at patient 3. If the nurse visit patient 2, then she
cannot visit patient 3 after she finishes the service at patient 2. However, from the current location
(patient 1), she can either visit (patient 2) or (patient 3). Therefore, patient 2 and patient 3 form
a group of patients whose time windows clash. The next patient to visit is picked randomly from
this group, in the heuristic spirit of NN.

Figure 2: An example of the list of earliest visitable patients whose time windows clash

Figure 3 fully shows the procedure of generating an initial population using HIPG. To generate
a solution, for each day, HIPG starts with only set of official nurses (n ∈ O ∪ E, E = ∅). If a
feasible solution in which all demands are covered is not found, HIPG adds one external nurse into
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the current set of external nurses E and restarts generating a solution. This process is repeatedly
until a solution in which all demands are covered is found.

In particular, for each day, for each nurse n ∈ O ∪ E, we construct tours starting from the
depot. At each step of the tour generation, considering the current location of the nurse, we
compute the set of nearest visitable patients whose time windows clash. If n ∈ E, this set will
also be restricted to the patients that minimize the number of skills required by the current nurse.
This is because the external nurse hiring cost is normally very high according to the number of
skills that are requested. From that set, the next patient to visit is picked randomly. When there
is no visitable patient left, the next visit is assigned as the depot, and the tour of the current nurse
becomes complete. Repeating this initial solution generation procedure multiple times, we obtain
an initial population.

Figure 3: Heuristic initial population generator
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6.2 Evaluation operator

This operator is used to calculate the cost of a given solution. One of the important contributions
in this study is the consideration of uncertainty in nurse availability. We follow the principles of
robust optimization introduced in Bertsimas & Sim (2003) to deal with uncertainty and to let the
manager has the ability to configure the level of conservativeness degree Γ, which is the budget for
the fraction of the number of missing nurses on a working day, in order to make a clever decision
in terms of trade-off between the solution cost in the best case and the conservativeness degree
(see Sections 2 and 5 for details). It is obvious that the size of set of all possible scenarios of nurse
availability (i.e., each scenario satisfies the following condition

∑
n∈O and ≤ dΓ|O|e ∀d ∈ D; and ∈

{0, 1} ∀n ∈ O, d ∈ D) becomes extremely large when we slightly increase the value of Γ or |O|.
Evaluating a solution under every scenario makes the approach too computationally expensive.
Usually, in robust optimization, we focus only the worst-case scenario from the set of all possible
scenarios. This is also how we handle the uncertainty in our current approach.

6.2.1 Finding the worst case scenario for a given solution

The cost component affected by uncertainty is the TotalPotentialExtraCost as mentioned
in Section 5. From the constraints (63), (65), (69) defined for the UncertaintyHHC model, it
can be seen that if an official nurse n ∈ O with an assigned route requiring a high number of
different skills is missing, the external nurse to be hired to handle the patients of the nurse n will
be paid a very high cost too.

Therefore, for a given solution, we define the criticality of an official nurse as the number
of skills required in her assigned route. The worst-case scenario in this study is the scenario in
which the care provider has to pay the most. Therefore, considering the conservativeness degree
parameter Γ, the worst-case scenario of the given solution is the scenario in which the number
of missing official nurses is dΓ|O|e, and these missing nurses are the most critical ones (i.e., the
official nurses who are assigned to the routes requiring the highest number of different skills).

Note that, between our study and that of Bertsimas & Sim (2003), besides the differences in
the uncertain coefficient type and mathematical modelling stated in Section 5, the question for
finding the worst-case scenario is also different. In Bertsimas & Sim (2003), under the uncertainty
in the interval form, the question is which coefficients should be perturbed towards their upper
bounds to maximize the cost of a given solution. In our study, under the uncertainty in the binary
form, the question is which official nurses whose absences from work would cause the highest total
potential extra cost for a given solution.

6.2.2 Uncertainty-aware solution evaluation

As defined in Sections 5 and 6.2, we evaluate the quality of a solution vector χ based on its op-
erational cost which is the sum of HiringCostTot(χ), TravelCostTot(χ), PenaltyCost-
Tot(χ), and TotalPotentialExtraCost(χ,Γ) under the worst case scenario of nurse avail-
ability.

Let χ[n, d] represent a given route decided for the nurse n on day d, where n can be an official
nurse (n ∈ O), or an extra nurse (n ∈ E) and |χ[n, d]| represent the length of that route (i.e. how
many locations exist within that route). Let lχ[n,d] represent the number of different skills that
are requested on the route χ[n, d] (the level of ability). Let χ[n, d, q] represent the q-th location
visited by the nurse n on day d. Note that, each nurse begins and ends her tour at the office to
pick up and return the associated equipments: χ[n, d, 1] = χ[n, d, |χ[n, d]|] = 0.

Now let us define the components of the cost function for a given solution χ. The total hiring
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cost expressed in equation (24) of the UncertaintyHHC model now can be presented as follows:

TotalHiringCost(χ) =
∑
n∈O

∑
d∈D

Cn +
∑
n∈E1

∑
d∈D

δlχ[n,d]

The total travel cost expressed in equation (25) of the UncertaintyHHC model now can be
presented as follows:

TotalTravelCost(χ) =
∑

n∈(O∪E1)

∑
d∈D

∑
q∈{2,3,...,|χ[n,d]|}

βtχ[n,d,q−1],χ[n,d,q]

The TotalPenaltyCost(χ) paid for the time window violations and overtime highly depends
on the starting times of the services at patients. This cost component can be simply determined
based on constraints (5), (6), (7), and (26) of the UncertaintyHHC model.

In our proposed matheuristic algorithm, the starting times at patients resulting from a given
solution χ, however, heuristically decided. It maybe not a correct evaluation if the solution χ is
evaluated based on its cost involving the TotalPenaltyCost(χ) which is determined under the
heuristic starting times at patients. Therefore, for being able to truly evaluate a given solution χ,
we need to find a real cost for TotalPenaltyCost(χ). This means that, given a specific order
of patients from a route χ[n, d], we need to determine the optimal starting time at each patient to
minimize the penalty costs.

Consequently, we define a LP model called RealPenalty(n, d), which finds the real penalty
cost for a given route χ[n, d]. To formulate the RealPenalty(n, d) model, the following variables
are needed: stndj (starting time at patient j), etwvndj and ltwvndj (early and late time window vi-
olation penalty costs at patient j), end (ending time of the tour), Ond (overtime penalty cost of the
tour). A clear explanation for these variables can be found in Section 4. The RealPenalty(n, d)
model is formulated using these variables as follows:

RealPenalty(n, d) minimize
∑

q∈{2,3,...,|χ[n,d]|−1}

(
etwvn,d,χ[n,d,q] + ltwvn,d,χ[n,d,q])

)
+Ond (70)

subject to:

etwvn,d,χ[n,d,q] ≥ cχ[n,d,q]

(
stχ[n,d,q] − stn,d,χ[n,d,q]

)
q ∈ {2, 3, ..., |χ[n, d]| − 1} (71)

ltwvn,d,χ[n,d,q] ≥ cχ[n,d,q]

(
stn,d,χ[n,d,q] − stχ[n,d,q]

)
q ∈ {2, 3, ..., |χ[n, d]| − 1} (72)

snd + t0,χ[n,d,2] ≤ stn,d,χ[n,d,2] (73)

end = stn,d,χ[n,d,|χ[n,d]|−1] + zχ[n,d,|χ[n,d]|−1] + tχ[n,d,|χ[n,d]|−1],0 (74)

stn,d,χ[n,d,q−1] + zχ[n,d,q−1] + tχ[n,d,q−1],χ[n,d,q] ≤ stn,d,χ[n,d,q] q ∈ {3, 4, ..., |χ[n, d]| − 1}
if |χ[n, d]| ≥ 4 (75)

end ≤ snd + L (76)

Ond ≥ co[(end − snd)− T ] (77)

stn,d,χ[n,d,q], etwvn,d,χ[n,d,q], ltwvn,d,χ[n,d,q] ≥ 0 q ∈ {2, 3, ..., |χ[n, d]| − 1} (78)

end, Ond ≥ 0 (79)

where objective function (70) aims to minimize the penalty costs of both early and late time
window violations as well as the penalty cost of overtime for the given rout χ[n, d]. The penalty
costs of early time window violation, late time window violation, and overtime are calculated in
constraints (71), (72) and (77) respectively. The starting times of the services at patients are
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guaranteed to be feasible in constraints (73) and (75). Constraints (74) and (76) together make
sure that the total working time of a nurse on a day will not exceed the limit L. Constraints (78)
and (79) present the variable domains.

Note that MinPenalty(n, d) is formulated with the assumption that there is at least one
patient on the given tour. If the tour is empty, we just set all the penalty decision variables
(Ond, etwvndj , ltwvndj) to 0. By using the resulting MinPenalty(n, d), the total penalty cost
expressed in equation (26) of the UncertaintyHHC model now can be presented as follows:

TotalPenaltyCost(χ) =
∑

n∈(O∪E1)

∑
d∈D

MinPenalty(n, d)

Let us define Φ(χ, d,Γ) as a set holding dΓ|O|e official nurses, these nurses being the most critical
ones on day d according to the solution χ. How these critical nurses are selected can be seen in
Section 6.2.1. The total potential extra cost expressed in equation (69) of the UncertaintyHHC
model now can be defined under the worst-case scenario of solution χ as follows:

TotalPotentialExtraCost(χ,Γ) =
∑
d∈D

∑
n∈Φ(χ,d,Γ)

δlχ[n,d]

Finally, we define the uncertainty-aware solution cost as:

SolutionCost(χ,Γ) =TotalHiringCost(χ) + TotalTravelCost(χ)

+ TotalPenaltyCost(χ) + TotalPotentialExtraCost(χ,Γ)

6.3 Selection operator

This operator is used to select the good solutions, called parents, among the current solutions
for reproducing. Selection pressure of this operator, therefore, has a significant impact on the
quality of the convergence rate of GA. Under a higher pressure – higher competition – better
solutions have higher chance to be picked for reproducing. If the selection pressure is too high,
the convergence of GA may be speeded up and its solution is potential stuck in the local optima.
If the selection pressure is too low, GA will slowly converge.

Among many different selection strategies, tournament selection (see explanation in Luke
(2013)) is used in this study. Using tournament selection strategy brings several benefits such
as it is efficient to code, it is easy to control the selection pressure via changing the size of tour-
nament, and it is independent of the scaling of the GA’s objective function.

Let us consider a tournament with a size which is set to T size. Firstly, T size solutions called
competitors are picked at random from the current population. Among the T size competitors,
the competitor whose solution cost is smallest will be the winner of the tournament and will be
chosen as a parent. This process of selecting solution is repeated till we have enough the number
of parents needed for producing the offspring for the next population. In this study, each offspring
is resulted from the process of recombining two parents (see Section 6.4).

6.4 Crossover operator and solution preparation

This operator recombine the parents selected by the selection operator, presented in Section 6.3,
to produce offsprings and fix the infeasible offsprings. Because of many practical constraints (e.g.
skills, working shifts, soft and hard time windows) stated in Sections 4 and 5 of the HHC problem
at hand, applying the traditional GA cross-over operators (one point, two points, n points, and ring
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methods) would lead to new solutions whose infeasibility is very time consuming to be repaired.
In addition, repairing infeasible solutions without strong techniques would lead to a decrease in
the diversity of the new generation. Therefore, GA will possibly be stuck in a local minimum.

An ideal crossover operator would be simple to code and efficient to: (i) increase the solution
diversity; (ii) achieve new solutions with the sum of total potential replacement costs and total
external nurse hiring costs are minimized; and (iii) keep the new solutions away from infeasibility
as much as possible. In this study, to produce an offspring from two parents, we develop a novel
crossover operator with two-phase approach, that takes all the mentioned concerns into account.
In the first phase, alternative feasible routes are constructed for each nurse. By changing input
parameters (considered day, considered nurse, the list of candidate patients), the HIPG heuristic
(see Section 6.1) is used to build alternative feasible routes for each nurse. After having the set of
routes generated from the first phase, in the second phase, a 0-1 LP model embedded is in charge
of deciding which route from which nurse will be selected to produce an offspring. The objective of
the 0-1 LP model is to minimize the total cost of hiring the external nurses and the total potential
replacement cost. The constraints of the 0-1 LP model keeps the resulting offspring away from
infeasibility as much as possible.

Before describing in details each phase of the proposed crossover operator, let us define the
following notations. After having selected two parent solutions, say χ1 and χ2, let Esetdχ1

and

Esetdχ2
stand for the sets of external nurses working in the parent solutions χ1 and χ2 on day d,

respectively. Because the external nurse n is flexible to work at any time and be able to operate
any kind of performance. Therefore, the sets of skills and the starting times for which she is
requested to be able to operate the routes χ1[n, d] designed in parent χ1 and χ2[n, d] designed
in parent χ2, therefore, might be varied. As a consequence, we can assume that Esetdχ1

does

not overlap with Esetdχ2
. Let χ3 denote the offspring resulted from recombining the selected two

parents. The assignment and routing designed on day d for parent χ1, parent χ2, and offspring
χ3, are expressed as χ1[d], χ2[d], and χ3[d], respectively. Let Ψd = O ∪Esetdχ1

∪Esetdχ2
refer to

a set of nurses who are considered when producing χ3[d] for the offspring.
First phase: This phase is in charge of building an universal set Rd =

⋃
n∈Ψd R

d
n whose

each element Rdn is a set of possible routes r that can be operated by nurse n ∈ Ψd on day d.
Note that, Rdn can be an empty set if there is no feasible route r for nurse n on day d. If nurse
n ∈ Esetdχ1

on day d then she has one possible route r = χ1[n, d] on that day, Rdn = {χ1[n, d]}.
Likewise, Rdn = {χ2[n, d]} if n ∈ Esetdχ2

. If n ∈ O, apart from the possible routes r = χ1[n, d]
and r = χ2[n, d] if she is scheduled to work in the parent solutions χ1 and χ2 respectively, the set
of her possible routes Rdn also includes properly the new routes r that are successfully generated
by applying HIPG heuristic with input parameters adapted as follow:

Input parameters for HIPG heuristic are D = {d}, O ∪ E = {n}, and J = candidates. Where
candidates is a list of possible patients to be visited by nurse n. Let Criticalχ1[d] and Criticalχ2[d]

refer to the sets of dΓ|O|e most critical official nurses, whose routes require the highest number
of skills, arising from the given χ1[d] and χ2[d], respectively. Let Jχ1[n,d] and Jχ1[n,d] denote for
a set of patients assigned to nurse n on day d from the parent solutions χ1 and χ2, respectively.
We can now define a set of possible patients to be visited on day d for the official nurse n as
candidates =

⋃
ñ∈n∪Criticalχ1[d]

Jχ1[ñ,d] ∪
⋃
ñ∈n∪Criticalχ2[d]

Jχ2[ñ,d].

In addition to modifying parameter, to avoid the large potential official nurse replacement
costs arising from the new routes r, an additional constraint limiting the number of skills required
from r is now also considered in the HIPG heuristic when looking for the next patient to build
the route. Let lχ1[n,d] and lχ2[n,d] denote the number of skills required from the routes designed
for nurse n in the solution parents χ1 and χ2 respectively, the maximum allowed number of skills

required from the new generated route r is max
(
lχ1[n,d], lχ2[n,d]

)
+ 2 if lχ1[n,d]lχ2[n,d] > 0 or |Pn|
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if lχ1[n,d]lχ2[n,d] = 0.

Second phase: After having the resulting universal set Rd from the first phase, the below
0-1 LP model is used in the second phase to decide which route r from Rd is selected to construct
the nurse-patient assignment and nurse routing plan χ3[d] on day d for the offspring χ3.

By using this model whose objective function is to minimize the total potential replacement
costs and external nurse hiring costs, we expect that the resulting offspring χ3 will outperform its
parents χ1 and χ2 in terms of quality (exploitation). Let Jd refer to the set of patients on day d.
Note that, the sizes of sets Jd, Ψd, and Rd are not too large in the studied instances. Moreover,
the decision variables is one-dimensional (whether route r ∈ Rd is selected or not). Under a small
number of constraints, the proposed 0-1 LP model does not need a second to reach the optimal
point. Considering a day d, the following variables and parameters are needed to formulate the
0-1 LP model.

• yr: decision variable, yr = 1 means route r ∈ Rd is involved in the offspring, otherwise
yr = 0

• r: route r

• j: patient j

• n: nurse n

• Rd: universal set of routes on day d

• Jd: set of patients on day d

• Rjd: set of routes that visit patient j on day d

• Rdn: set of routes that can be operated by nurse n ∈ Ψd

• ω1
rn: weight of replacement cost, where r ∈ Rdn, n ∈ O

• ω2
rn: weight of external nurse hiring cost, where r ∈ Rdn, n ∈ Ψd \O

• σr: cost of route r ∈ Rd

• ζ = max
(
|Esetdχ1

|, |Esetdχ2
|
)

: maximum allowed number of routes operated by external
nurses

Finally, let us define the 0-1 LP model used in the second stage of the proposal crossover
technique as follows:

minimize
∑
n∈O

∑
r∈Rdn

ω1
rnσryr +

∑
n∈Ψd\O

∑
r∈Rdn

ω2
rnσryr (80)

subject to: ∑
r∈Rjd

yr ≥ 1 j ∈ Jd (81)

∑
r∈Rdn

yr ≤ 1 n ∈ Ψd (82)

∑
n∈Ψd\O

∑
r∈Rdn

yr ≤ ζ (83)

yr ∈ {0, 1} r ∈ Rd (84)

where the objective function (80) minimizes the total potential replacement costs and external
nurse hiring costs on day d. Constraints (81) means that each patient is assigned to at least one
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tour. Constraints (82) means each nurse can only be in charge of at most one tour. A limit on
the allowed number of tours operated by external nurses is stated in constraints (83). Constraints
(84) present domains of variables.

Constraints (81) potentially make the created offspring likely an infeasible solution vector
because there may be multiple visits at a patient. To fix the infeasibility of the offspring, for each
patient visited more than once, we remove visits from the tours which require a larger number of
skills or store a larger number of locations to visit.

6.5 Mutation operator

The concerns about destroying too much the feasibility of the resulting offspring are handled
successfully in the proposed crossover operator, this operator however is very much oriented in
exploitation (see Section 6.4). As a consequence, the random exploration of the mutation operator
is necessary to balance the exploitation. This section is devoted to describe the proposed mutation
operator.

After having an offspring χ3 produced from the crossover operator, the mutation operator is
then executed to locally explore χ3 by changing some tours χ3[n, d] (gene values) designed for
nurses n ∈ O ∪E1 on days d ∈ D at random. In this study, a tour of a nurse is changed by either
swapping a patient assigned to her for another patient assigned to another nurse or changing
the order of visits (patients) within her tour. In the latter context, the visits are sorted in the
increasing order according to their preferences in the upper bound of hard time window (for short,
let’s say sorting the order of visits). Note that the heuristic criterion used in sorting the visits
is simple. However it appears to work well for the studied instances compared to other complex
approaches for that we had developed and tested such as finding a most suitable order of visits.

Like the crossover operator, if we do not take the practical constraints of the studied HHC
problem into account while conducting the mutation operator, any change in one or more χ3[n, d]
from its initial status (an initial plan for the nurse-patient assignment and nurse routing) would
lead to a high infeasibility. Let Esetdχ3

refer to a set of external nurses working in χ3[d] on day d
and |χ3[d]| stands for the number of tours designed on day d for the offspring χ3. Figure 4 shows
clearly the procedure of the mutation operator proposed to mutate the decision χ3[d] on a day
d of the resulting offspring χ3 in such a way that the practical constraints of the studied HHC
problem are taken into account. In general, we can interpret Figure 4 as follows:

Among many tours, up to τ tours are altered (0 < τ ≤ |χ3[d]|, τ ∈ Z).
At the beginning, a tour is picked at random, say χ3[n′, d]. A group of nurses G ⊆ O∪Esetdχ3

\
n′ whose working shifts are the same with that of nurse n′ is then determined.

If G = ∅ then a new status of χ3[n′, d] is obtained by sorting the order of visits. In case the
new status is feasible, the initial status of χ3[n′, d] is updated with its new status. Otherwise, its
initial status is remained.

If |G| > 0 then another nurse is picked at random, let’s say n′′ ∈ G. Based on the picked two
nurses n′, n′′ and their tours χ3[n′, d], χ3[n′, d] respectively, under the consideration of practical
constraints presented in Sections 4 and 5, we can determine a set of patients assigned to nurse n′′

on day d but is visitable by nurse n′ on the same day Jn
′

χ3[n′′,d] ∈ Jχ3[n′′,d] and a set of patients

assigned to nurse n′ on day d but is visitable by nurse n′′ on the same day Jn
′′

χ3[n′,d] ∈ Jχ3[n′,d].

Two patients, say j′ and j′′ are selected at random from Jn
′

χ3[n′′,d] and Jn
′′

χ3[n′,d], respectively. By

swapping these two selected patients, the tours of nurses n′ and n′′ reach their new status. For
each tour, if its new status is feasible, then it is updated with the new status. Otherwise, its new
status is modified by sorting the order of visits. In case its new status is feasible after sorting,
we update its initial status with the new status that is sorted. Otherwise, its initial status is
remained.
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This process of altering the status of the tours is repeated till the number of tours mutated
reaches the value of τ .

Figure 4: An illustration of mutation operator
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7 Experimental results

This section is devoted to illustrate the performance of our proposed matheuristic algorithm in
solving the real-life HHC problem with large instances. In addition, a discussion about the nec-
essary of executing the mutation operator in GA integrated in our proposed algorithm is also
presented.

To have an empirical illustration, let us first model the HHC services according to the activity of
an organization called SCuDo 1 (Servizio Cure a Domicilio). This organization operates in Canton
Ticino, Switzerland and provides HHC services to people who are in need of medical treatments.
For obtaining results, we considered four instances based on real-life data provided by SCuDo. For
each instance: (i) the number of patients is in the range [190 - 250]; (ii) each patient requires up
to four medical treatments in one week; (iii) the number of official nurses is in the range [15 - 25];
(iv) the number of types of medical treatments is 22; (v) there are three working shifts per day.
On each instance, our proposed matheuristic was executed 30 times for each alternative value of
conservativeness dgree (Γ = {0, 0.1, 0.25}), and average results are reported.

The proposed matheuristic was implemented in C++ and the solver GUROBI 2 6.5 C++
interface was used to optimally solve sub-problems where mathematical models are embedded.
All experiments were performed on a computer with Intel Core 2 Duo P9600 @ 2.66GHz with
4GB of RAM.

For the GA without the execution of mutation operator, some preliminary tests suggested to
set the population size to 200 and the number of generations to 10. Note that this is because
GA seems to completely stop converging after 10 generations. For the GA in which the mutation
operator is executed, we set the number of generations to 20 and the population size to 200 in order
to compare with the GA without the execution of mutation operator. Note that after reaching
the 20th generation, the best known solution so far is still improved.

Figure 5 shows the positive effect of implementing the mutation operator on the convergence of
the proposed matheuristic. For each diagram presented in Figure 5, horizontal and vertical lines
stand for generation and solution cost, respectively, dash and solid curves stand for the performance
of the matheuristic (averaged over 30 tests) without and with the execution of mutation operators
in GA integrated in the proposed matheuristic, respectively. The trends of these curves visualize
how the so far best known solution’s averaged cost changes over generations.

7.1 The important role of the mutation operator in our proposed algo-
rithm

In GA, population technique and inherent mechanism work rely on both crossover and mutation
operators. The crossover operator tends to exploit and preserve the existing genetic information.
The mutation operator tends to destroy the existing genetic information and explore for new
genetic information. The importance of the crossover in inherently constructing new solutions
over generations of GA is clear. However, whether the mutation operator is powerless in GA
or not, it is still a debate. In fact, the importance of the mutation operator in GA depends on
the specific problem (Roeva et al., 2010). This section is devoted to show that it is necessary
to implement the mutation operator in our proposed matheuristic algorithm to solve the studied
problem.

In the matheuristic algorithm which does not involve the mutation operator, the so far best
known solution at each generation is optimized too much based on the integrated mathematical
models. We can see from Figure 5 that, without mutation, the matheuristic algorithm converges

1http://www.scudo.ch/
2http://www.gurobi.com/
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quickly from the first generations but after that the best known solution so far seems to be stuck
in the local optima.

In the matheuristic algorithm involving the mutation operator, solution space is not only ex-
ploited using crossover operator but also is explored using mutation operator. The obtained results
presented by solid curves in Figure 5 reveal that with the execution of mutation operator, the per-
formance of our matheuristic algorithm converges smoothly and continuously. After reaching the
20th generation, the quality of the solution is still improved. For checking the convergence, we
have tested the proposed algorithm with mutation operator for a larger number of generations
(e.g., 50 generations). Observations from the tests show that the quality of the solution is slowly
improved after 50th generation. Thus, our matheuristic algorithm with mutation ends up with
quite good solutions compared to the case in which the mutation operator is not executed.

The trends of dash and solid curves in Figure 5 shows that implementing the proposed mu-
tation operator in our matheuristic algorithm is necessary to avoid stagnation. For the first few
generations, the algorithm without executing the mutation operator is too oriented in optimiza-
tion, the resulting costs obtained are, therefore, better than the resulting costs obtained with the
execution of mutation operator that introduces the random explorations to balance the exploita-
tion. In further generations, the resulting costs from the latter is better because the solution is
not stuck in the local optima as what happened in the former.

These observations show that in solving the studied problem - HHC with uncertain availability
of nurses - mutation is an important operator in helping GA to avoid stagnation. Consequently,
together with crossover operator, mutation operator plays a crucial role in finding the promising
regions in the search space and improving the performance of our matheuristic.

7.2 The performance of our proposed matheuristic algorithm

In this section, we will discuss about the performance of our proposed matheuristic algorithm in
solving the real-life HHC problem with large instances.

With reference to the matheuristic algorithm in which the mutation operator is not executed
in GA, the obtained results presented by dash curves in Figure 5 shows that even few genera-
tions (in short running time ) are enough to significantly increase the solution quality. Among
many instances, the highest execution time needed to reach the point where the algorithm starts
converging slowly (after rapidly improving the quality of the solution) is 321.1 seconds (see the
running time at 4th generation for dataset D4 with Γ = 0 in Figure 5). Note that within these
short execution times of such a matheuristic algorithm, even without considering the uncertainty
it would not be possible to solve these datasets to provide a weekly solution by using a pure
mathematical programming.

In addition, as shown in Figure 5 the solution costs obtained from the matheuristic algorithm
involving the mutation operator are better those obtained from the matheuristic algorithm in which
the mutation operator is not integrated if futher generations are conducted. However, the former
spends, in all instances, longer running time reaching the final best known solution compared to
the latter. This is because the former is implemented with the larger number of generations. Note
that, it is very high probability that multiple running of the latter does not lead to better results
because the solution costs, in all instances, are improved significantly in the first 4 generations
then very gradually and stagnate after the 10th generation (see the dash curves in Figure 5).

Although the matheuristic algorithm involving mutation operator spends a long running time
to provide a solution, it is practical for providing solutions for the HHC services in the reality.
Among many instances, the highest execution time at 20th generation is 4227.6 seconds (see the
running time for dataset D4 with Γ = 0.25 in Figure 5) which is approximate 1.2 hours. Spending
approximate 1.2 hours providing a weekly solution for an NP hard problem, stated in Section
5, with large instances makes our proposed matheutistic become computationally effective. Note
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that it would not be possible to solve large instances using the pure mathematical programming
described in Section 5 to find a feasible solution within 1.2 hours.

These observations show that our proposed matheuristic algorithm is practical to help the
care providers solve their conflict needs such as improving the level of service while reducing the
budget without affecting the quality of service. By using this algorithm, the manager is able to
make weekly decisions for their real-life HHC problem with large instances (dozens of nurses and
hundreds of patients). In addition, the proposed matheuristic algorithm is efficient in terms of
flexibility to help the managers to improve the level of service.

If the managers have to make decisions in a short amount of time, let’s say within 6 minutes,
then using our proposed matheuristic algorithm in which the mutation operator is disabled is suffi-
cient to find the solutions. Note that without implementing the mutation operator, our algorithm
is very much oriented in optimization. Therefore, the solution obtained is a local optima but it is
in a very promising region of the solution space.

If the time needed to make decisions is not a limited resource, then using our proposed
matheuristic algorithm in which the mutation operator is implemented is sufficient to find the
solutions. Note that with mutation that balances the level of exploitation of our algorithm, the
quality of the solution is still improved continuously after 50 generations. Therefore, if the man-
ager have more time to make decisions, it is very easy for them to modify the maximum number
of generations before implementing our algorithm in order to get better solutions.

8 Conclusion

A robust optimization model is introduced to represent the studied problem: scheduling and
routing in the home health care services with uncertainty in nurse availability. The principles
of robust optimization are integrated into the matheuristic algorithm developed based on the
framework of genetic algorithm to solve the studied problem on real historical data from a company
operating in Lugano Switzerland. Moreover, our algorithm makes the conservativeness degree
become easy to be configured by the managers. As a consequence, they can evaluate the trade-
off between the level of conservativeness and the solution costs in the best case of the absences
from work of the official nurses to make the most practical solution. Experimental results on
real historical data show that our proposed algorithm is practical for solving the home health care
problems in the reality. In addition, it is easy for the manager to increase the service level by using
our algorithm in which the implementation of mutation operator is optional. Within 6 minutes,
our algorithm with no mutation is sufficient to help the managers to make weekly decisions in
case they have to provide solutions in a short time. If the managers have more than 6 minutes
to provide weekly solutions, it is better for the manager to use our algorithm with mutation to
obtained better solutions. Note that in this case the manager can adjust the maximum number
of generations according to how much time they have to make decisions in order to get better
solutions.

For further studies, it would be important to solve the studied home health care problem with
a mathematical model and make a comparison between its performance and that of mathematical
model to draw the significant conclusions about our proposed matheuristic algorithm. We can
also do more investigations on our proposed algorithm to analyze, by using our algorithm, how
alternative solutions can be obtained, each with a different protection level against the uncertainty
(with a different value of the conservativeness degree), and how each of these solutions behaves
under different scenarios for nurse availability (with different values of the conservativeness degree).
In addition, handling the patients uncovered because of the absence of the official nurses in such
a way that the number of external nurses called to temporarily replace the missing official nurses
is minimized is a very practical extension of this study. Apart from these possible directions,
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integrating some other uncertain facts in the real-life home health care services such as uncertain
service time and uncertain demand is also a promising extension for this study.
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Figure 5: The convergence of solution cost over generations (datasets 1, 2, 3 and 4)


