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Summary 

Home health care services have improved medical care allowing greater coverage of patients in their homes. In order to meet the demands of the 

service, monthly planning of caregiver’s shifts and daily routing of caregivers are addressed. Two optimization problems have mostly been discussed 

individually related with HHC: Nurse Scheduling problem (NSP) and Vehicle Routing. This study integrates the two problems in a program that seeks 

to address in a preventive way the absenteeism of the caregivers at work and in a reactive manner, the new visits that are scheduled after generating the 

routes in the planning horizon. 

First a multi-objective mathematical model is developed for NSP using epsilon constraint and then a mono-objective model is integrated as a preventive 

strategy, which assigns backup caregivers in case of absenteeism throughout the month. For VRP initially a mathematical model is modeled, then the 

Tabu Search metaheuristic is implemented to find a greater solution to the deterministic problem. Afterwards a simheuristic is implemented with the 

purpose of including the uncertainty generated by time variability in the problem. Finally, a reactive strategy is designed to include new patients in the 

routing after having found the best solution for the planning horizon. The result after the implementation of different methods for both, NSP and VRP, 

is a desktop application, with a user-friendly interface that drastically reduces the time it takes a person to make the monthly shift planning for a staff 

and create the routes for all the visits in a planning horizon. 

The impact of the designed desktop application is demonstrated through simulations, were each method modeled for the problem was compared with 

the current decision making in the hospital in this study. Simulations demonstrated that the program has a greater approximation to the mathematical 

models results (optimal values found by the mathematical models). The graphical user interface´s efficiency, user satisfaction and usefulness was 

evaluated with a survey conducted with the hospital´s administrative nurse, to validate that the interface is user-friendly and meets the needs of the 

hospital in study. 

 Key words: Nurse Scheduling Problem, Vehicle Routing Problem, proactive approach, reactive approach, uncertainties, Home Health Care, 

metaheuristic, simulation, optimization, computer application. 

1. Justification and Problem Statement 

Home health care services (HHCS) are a wide range of services that can be given at a patient’s home, it includes 

medical and paramedical services. It ensures the management of a medical condition at home, avoiding 

unnecessary hospitalization and congestion of hospitals. Some of the services include wound care, patient and 

caregiver education, injections, monitoring illness and intravenous or nutrition therapy. (Medicare.gov, n.d.)  

In the past century HHCS mostly took place in facilities like hospitals and clinics, however there is a growing 



tendency of placing health care at home. Precedence Research (a market research and consulting organization) 

published a report in 2021 about the home health market size and a growth analysis from 2021 to 2027 

(Precedence Research, 2021). The market was valued at USD 264.87 billion in 2020 and is expected to reach 

USD 662.67 billion by 2027. This market growth is caused by the rising of aging population (Yang, Ni, & Yang, 

2021), increasing healthcare costs, the growing prevalence of chronic diseases, and patients shifting trends to 

avoid hospital facilities due to COVID  19.  

Home health care in Colombia has become a reality since the appearance of the Resolution 5261 of  1994 

(Ministerio de Salud y Protección Social, 1994), currently this service is regulated by resolution  3100 of 2019 of 

the Ministry of Health and Social Protection of Colombia, which defines home health  care as "out-of-hospital 

care that seeks to provide a solution to health problems at home and is  supported by health professionals, 

technicians and auxiliaries with the participation of the family"  (Asociación Colombiana de Instituciones de 

Salud Domiciliaria, 2021), it also stipulates the services  offered at home: Chronic patient hospitalization with 

ventilator, Chronic patient hospitalization  without ventilator, Acute patient hospitalization, Rehabilitation and 

General and specialized external  consultation.  

The present case study will be developed with a private hospital, located in Bogotá, Colombia.  According to their 

official website they provide two main home care services: hospitalization at home and outpatient care. In 

outpatient care, patients contact the home care services office to schedule directly the appointments indicated by 

their doctor. Whereas regarding home hospitalization, a patient who is already hospitalized in the hospital 

facilities and is willing to continue the treatment at home, goes through a medical assessment. If included in the 

program, the treating doctor submits the treatment plan with its specifications: number of visits, medical 

equipment required, medications, time windows, etc. This treatment plan is subject to change taking into account 

the patient's evolution and the final medical assessment which confirms if the patient may be discharged. For both 

hospitalization at home and outpatient care, the services provided by the institution are wound care, nurse services, 

physical therapy, and respiratory therapy. Currently, the hospital has a trained staff of nurses qualified to attend 

any of the HHCS provided excluding therapies which are attended by specialized physical and respiratory 

therapists. Finally, the team of professionals in charge of the HHCS duties, is completed by doctors from the 

hospital who perform the patient's medical assessment.  

Despite HHCS are known for being more convenient for patients and less expensive, HHCS providers face many 

challenges that make minimizing costs and being effective a difficult task to accomplish.  Some challenges 

inherent to the HHCS context are managing human resources with specific skills, coordinating external resources 

provided by IPS (Institutions authorized to Provide Health Services in Colombia), visiting patients spread over a 

wide area, dealing with uncertainty about patient's needs, their medical evolution, and location, visiting several 

patients in a day and meeting agreed times of visits.  

Medical issues usually receive more attention than logistics issues, which impact directly on the service efficiency 

(Matta, Chahed, Sahin, & Dallery, 2012). The logistical operation in this context has several associated costs such 

as transportation costs, hiring of personnel, overtime payments, etc.  However, it also impacts on other aspects 

such as patient satisfaction, medical staff satisfaction, schedule compliance, etc., also affecting the quality of 

service. Logistics problems have different decision levels depending on the duration and impact on planning 

decisions. There are strategic level decisions like capacity planning, staff selection, and transport provider 

selection, tactical level decisions such as shift scheduling and short-term planning decisions and operational level 

decisions like daily routing and management of unplanned events.  

In the private hospital considered for the present case study, operational and tactical level decisions represent a 

problem given the lack of technological/programming tools to support planning decisions.  Visiting more than 

one patient in a day requires creating routes that allow caregivers to provide the HHCS to all patients at the agreed 

times, however the number of caregivers available in a shift depend on the shift scheduling. Therefore, the 

combination of the shift scheduling, the routing of the caregivers and the management of unplanned events 

(personnel absenteeism, traffic related contingencies, new arrival of patients, etc.) make the hospital’s HHCS 



operations planning a complex problem to solve.  

The assignment of nurses´ shifts is known as the Nurse Scheduling Problem (NSP). It is a common problem faced 

by every hospital, usually done monthly or weekly and seeks to satisfy most of the hospital´s and nurses´ 

requirements and demands. In order to classify the constraints and establish priorities two constraint categories 

have been defined. Hard constraints refer to the needs that must be met for the home care program to function, 

like assigning nurses to all shifts, considering legal working time constraints, or visiting patients in the required 

frequencies. Soft constraints are not mandatory but are desirable, they do not keep the program from functioning 

but impact on nurses´ and patients´ satisfaction. Balancing workload, meeting nurses’ preferences (shifts, days 

off) and meeting patients´ requests (visiting time, nurse of choice) are some soft constraints usually considered in 

HHCS.  

Regarding the private hospital considered as a case study, the schedule is published on the first day of each month, 

including shifts assignment (morning, afternoon, part morning- part afternoon) throughout each day of the month 

for each nurse. Currently, an experienced nurse of the administrative department is in charge of manually updating 

the monthly schedule for all the staff.  Such an important planning task is time-consuming and implies certain 

responsibility since schedule´s quality lies with the planner´s expertise. The nurse in charge strives to take into 

account all the constraints and uncertainties related to the scheduling problem, such as unplanned personnel 

absences (sick time off, injured time off, special circumstances), nurses’ preferences (shifts of their choice 

prioritizing those who have been working the longest), work hours legal limits, days off, avoiding overtime hours 

and temporary hirings, balancing the workload, etc. When overtime hours are necessary to fulfill the demand, the 

planner must consider them in the future to balance total working hours, as a hospital’s policy overtime hours are 

not paid, instead they are compensated with less working hours in the future. However, the schedule is susceptible 

to constant adjustments for solving the daily emerging problems and is limited to finding only a feasible solution 

without focusing on optimizing any performance indicator.  

Although in the literature many successful exact and heuristic procedures have been developed for NSP assuming 

a deterministic behaviour, uncertainty and disruptions are elements that should be included in the decision process 

of HHCS (Maenhout & Vanhoucke, 2009). Therefore, it can be useful to encourage proactive planning that 

considers possible eventualities such as staff absenteeism and the possibility that shifts’ duration extend due to 

unexpected events during the daily routes build for attending patients at their respective homes.  

On the other hand, the definition of the daily routes for each nurse can be related to an optimization problem 

known as the Vehicle Routing Problem with Time Windows (VRPTW) (Di Mascolo, Martinez, & Espinouse, 

2021). The aim of this problem is to organize a set of possible paths, where every node (patient) is visited only 

once by a vehicle (nurse) for a specific time window, which is the promised interval of time for the service. 

Usually, the optimal result for the VRPTW corresponds to the less expensive combination of routing between 

patients’ requirements and nurses’ availability. In order to handle the daily routing for HHCS, a solution for the 

related VRPTW must comply with different constraints such as medication application schedules, service time, 

nursing shifts, the request of starting and ending the routes at the hospital facility and consider that patients may 

be visited more than once during the day or even on the same route.  

Based on the shift schedule, the daily routing of the private hospital’s personnel is done manually on an Excel 

sheet, following a series of steps. The first is to gather patients each day by sectors of the city and verify that the 

hospital covers that locality. Then, to assign a nurse to each sector, and finally to assign the patients to the nurses 

establishing the order of the visits, prioritizing the hours of medication application and the number of visits of 

each patient throughout the day. The nurses must always start and end their routes at the hospital, where they 

collect the necessary supplies for each patient. The routes are made on the previous day, based mostly on a nurses’ 

expertise, and do not consider peak hours of traffic in the city, variability in service time and travel time, and last-

minute issues related to unexpected events (insertion of new patients after routes are made, emergencies that 

require returning to the hospital facilities or events that force a nurse to wait in the patient's home for additional 

assistance).  



The aim of this project is to design a solution approach for solving the NSP and VRP based on the private 

hospital’s needs. Starting monthly planning of nurses' shifts (NSP), that considers constraints related to the HHCS 

context and that prioritizes nurses’ shift preferences and a balanced workload. It includes a proactive component 

that considers uncertainties related to personnel absences and lengthening of shifts’ duration. Then, a baseline 

routing is built weekly in which the routes are constructed to fulfill the requirements of the following week (VRP), 

with the nurses assigned to each shift of the day. This baseline routing includes the effect of travel and service 

time uncertainty when generating the corresponding routes for each nurse. Finally, the implementation of certain 

reactive strategies for modifying the baseline routing, will allow reacting to unexpected events that may occur 

during the day. This integrated solution approach should lead to an efficient home health care services planning 

for HHCS context of the mentioned case study.  

2. Literature review  

Since the NSP and VRP have shown high inter-dependencies (Bertels & Fahle, 2005), this project seeks to address 

both problems, it is therefore pertinent to conduct a review of the literature. First the NSP will be addressed, 

followed by the VRP. The most important aspects of each problem will be mentioned: constraints, objectives, 

methodologies, and approaches, to finally address the combination of NSP and VRP in HHCS.  

Nurse scheduling problem  

Given it is unlikely to fulfil all constraints in the HHCS context, a distinction is made between hard and soft 

constraints. It is common for hard constraints to be tackled first since they are related to labour law impositions. 

Valouxis et al., (2012) propose a two-phase approach, where phase 1 assigns nurses to working days, satisfying 

all hard constraints, and considering some soft constraints, phase 2 assigns nurses to specific shift types, 

considering a lower number of soft constraints related to shift preferences. Another approach is to handle hard 

and soft constraints in separate steps. Wong et al., (2014) in their study execute a shift assignment heuristic 

iteratively until obtaining an initial schedule that satisfies all hard constraints, and in a second stage, a sequential 

local search is used to refine the initial schedule by considering the soft constraints.  

Objective functions in the literature often considered the minimization of costs, workload balance and 

maximization of nurses’ preferences. Some studies use a single-objective approach, like Adoly et al., (2018) who 

propose a mathematical model to minimize the overall costs (shifts costs, overtime cost, and the cost of head 

nurses). Hadwan et al., (2013) who aim to balance nurses’ workload with a harmony search algorithm (HSA). 

And Wu et al., (2014) who seek to ease the workload of nurses with a fair shift assignment implementing a particle 

swarm optimization approach.  

However, multi-objective approaches have been recently used to optimize various objectives simultaneously. For 

example, Purnomo & Bard (2006) seek to strike a balance between satisfying individual preferences minimizing 

a weighted sum of nurses’ preference violations and minimizing personnel costs (temporary hirings), they 

implement a Branch and price algorithm. Azaieza & Sharif (2003) use goal programming to obtain schedules that 

fulfil hospital’s objectives (avoiding overtime costs) and consider nurses’ preferences regarding working days. 

Michael et al., (2014) implement an agent-based algorithm that divides the NSP in the cost minimization problem, 

and the nurse preference rostering problem. The algorithm first addresses the organization’s objectives (cost) and 

then nurses’ objectives (preferences) to finally improve preference satisfaction with an iterative local search. Lim 

et al., (2012) also consider patient satisfaction and propose a two-stage non-weighted goal programming seeking 

to minimize operating costs, maximize nurses’ shift preferences, minimize the number of idle nurses, and 

minimize patient dissatisfaction. Mesqiuta-Cunha et al., (2022) propose three algorithms that are based on the 

epsilon constraint approach for solving multi-objective integer linear programming problems with two or more 

objective functions and also present strategies to face poor estimations of the Pareto front bounds. 

To solve the NSP there have been several solution methods proposed such as exact methods, heuristics, and 

metaheuristics. Exact methods have been used by authors to obtain optimal solutions, for example Valouxis et 



al., (2012) implement integer programming in a two-phase approach to assign nurses to workdays and then assign 

them to work shifts. Burke & Curtois (2014) develop a branch and price algorithm (B&P) and an ejection chain 

method to solve benchmark nurse rostering instances. While Maenhout & Vanhoucke (2010) propose different 

branching strategies and node reduction mechanisms to improve the computational performance. Exact methods 

however are not time efficient in large scale problems, therefore most recent papers solve NSP with metaheuristic 

methods, since it may require less computational time (Burke E. K., Causmaecker, Bergue, &  Landeghem, 2004).  

Various population based and local search based meta-heuristic algorithms have been implemented such as 

genetic algorithms (GA), simulated annealing (SA) and tabu search (TS). Ramli et al., (2020) present a TS 

approach that consists of an initialization phase that finds a feasible initial solution satisfying hard constraints, 

and a neighbourhood phase that improves the solution and considers nurses’ preferences. Aickelin & Dowsland, 

(2008) use an indirect GA approach, where solutions are obtained with separate decoder heuristics that build 

solutions from permutations of the list of available nurses. Also, a GA with two-point crossover and random 

mutation is proposed by Leksakul &  Phetsawat (2014) creating work schedules that are fair in overtime payment. 

On the contrary to population-based metaheuristics SA needs only one initial feasible solution, that is why Jafari 

&  Salmasi (2015) use SA. They present a single-objective approach to maximize nurses’ preferences (working 

shifts, weekends off), first an algorithm to generate an initial feasible solution is proposed followed by eight 

neighbourhood structures.  

The combination of different solution techniques can provide a more efficient solution and higher flexibility when 

dealing with real-world and large-scale problems (Maenhout & Vanhoucke, 2011), that is why meta-heuristics 

are often hybridized with other methods. Burke et al., (1998) propose a hybrid TS that combines TS with problem-

solving heuristics like diversification and greedy shuffling.  Nickel et al., (2011) propose a two-stage approach, 

in the first stage, a constraint programming heuristic provides a feasible solution, and then a hybrid constraint 

programming-adaptive large neighbourhood search (ALNS) seeks to improve it. While Constantino et al., (2011) 

propose a hybrid (mathematical programming and local search) heuristic algorithm for tackling the NSP with 

balanced preference satisfaction.  

HHC is known to be a sector subject to uncertainties such as patient demand and nurse absenteeism.  To address 

these problems some authors have considered a proactive approach to anticipate schedule disruptions, while 

others have considered a reactive approach to adjust schedules right after disruptions occur. Proactive approaches 

for the scheduling problem were found regarding nurse staffing level under demand uncertainty. Wang et al., 

(2009) and Tuna et al., (2015) perform staff size forecasts to create nurses’ schedules, while Maass et al., (2009) 

develop a stochastic programming approach for determining the optimal unit staffing level and pool staffing levels 

for temporary replacements. Regarding absenteeism Szwarc et al., (2019) try to anticipate absences by 

determining additional competences the staff should have to compensate for the competences lost when absences 

occur. 

Regarding reactive approaches, Moz & Pato (2005) develop a single objective approach. They seek to minimize 

the number of deviations from the original schedule when reassigning tasks from the day an absence occurs to 

the last day of the planning horizon. The authors propose a constructive heuristic that makes a sequential re-

assignment of all tasks, followed by a GA consisting of two permutations (list of tasks and list of nurses). 

Maenhout & Vanhoucke (2011) address absenteeism with an evolutionary meta-heuristic operating on a Pareto 

optimal set of solutions, that revises and re optimises a schedule for a set of heterogeneous nurses. And Wickert 

et al., (2019) develop a general integer programming formulation and explore new re-scheduling strategies based 

on the relaxation of soft constraints, resulting to be a suitable alternative when urgent demands require changes 

in the current schedule.   

On the other hand, Otero-Caicedo et al., (n.d) integrate both approaches (proactive and reactive) to address 

absenteeism. They propose a GA that preventively assigns back up nurses for each day, and two reactive 

rescheduling policies, one that seeks to maintain the original schedule and a second one that prioritizes the use of 

the assign back up nurses.   



 

Vehicle Routing Problem  

Constraints can change depending on each problems context, the majority found in the literature are related to 

visits, patients, and staff members. Dependency between visit times, synchronization of visits, hard time windows 

are some visit constraints usually considered. For example, Xiao et al., (2018) formulate a MILP, including in 

their model flexible lunch breaks and synchronization of caregivers when required. Constraints related to patients’ 

preferences such as preferred time windows, day of visit or caregiver of choice, are often considered as soft 

constraints. Staff member constraints such as required skill level and availability, are often considered as hard 

constraints, while staff preferences satisfaction is usually modelled as soft constraints. For example, 

Trautsamwieser & Hirsch (2011) to make suitable assignments of nurses to patients, consider nurses’ qualification 

levels as a hard constraint, and preferred working times and breaks as soft constraints.  

In a literature survey for home health care routing and scheduling problem (HHCRSP) Mascolo et al., (2021) 

identified two categories of objective functions: costs and preferences. Most frequent cost optimization criteria 

are routes costs (minimization of travel times and distances), and staff member costs (minimization of overtime 

costs, working time and waiting time). While preference optimization criteria are conformed by patients’ 

preferences (preferred time window and/or caregiver), and caregivers’ preferences regarding workload.   

Some authors develop single objective approaches, for example Masmoudi & Mellouli (2014) seek to minimize 

the sum of travelling and waiting times using a mixed integer linear problem (MILP).  Xiao et al., (2018) aim to 

minimize the total operating cost conformed by personnel’s salaries, car rental prices, and the penalty for 

unscheduled visits. They formulate a MILP and solve the problem with the solver Gurobi.   

Multi-objective approaches are also used. One way is to assign weights to the terms in the objective function like 

Grenouilleau et al., (2018) who seek to minimize travel time and maximize the continuity of care, using a set 

partitioning heuristic. However, assigning weights can bring subjectivity and can be difficult to transform into 

significant values. That is why other authors address the problem with a Pareto-based algorithm to obtain a set of 

trade-off solutions. For example, Decerle et al., (2018) propose a memetic algorithm for optimizing three 

objective functions while planning routes for each caregiver in a one-day period: minimizing the total working 

time of caregivers, maximizing the quality of service and minimizing the maximal working time difference among 

caregivers to balance the workload.   

To solve the VRP several methods have been proposed, exact methods such as Branch and Bound, Branch and 

price, or methods based on linear programming. Barrera et al., (2012) propose two solution strategies, the first 

one is based on mathematical programming, they develop a Branch & Bound procedure, the second uses a two-

phase heuristic approach to generate an initial solution and then improve it with a route packing algorithm. Liu et 

al., (2018) propose a B&P algorithm with a discrete approximation method, also considering stochastic travel and 

service times. While Li et al., (2021) formulate the problem as a mixed-integer nonlinear and convex 

programming model and solve it with an outer-approximation method, aiming to minimize total travel costs, 

minimize total patients’ waiting time penalty and maximize patients’ preference satisfaction.   

Metaheuristics such as TS, PSO, Ant Colony Optimization have also been implemented. Rest & Hirsch (2015) 

address a daily routing with a TS based metaheuristic and its objective is to minimize the total travel and waiting 

times of caregivers. Akjiratikarl et al., (2007) introduce a PSO based algorithm to determine assignment decisions 

between services and caregivers and to build the routes.  Their goal is to minimize the distance travelled. While 

Yu & Yang (2010) propose an improved Ant Colony Optimization to solve a periodic VRPTW, where the 

planning period is extended to several days. First the combination of patients to be visit on each day is determined 

and then routes are optimized, the goal is to minimize the total distance of all vehicles.   

Before 2014 heuristics and local research procedures were often used, however from 2015 onwards hybrid 



methods, have been considered more frequently by researchers. (Di Mascolo, Martinez, &  Espinouse, 2021). Du 

et al., (2017) aim to minimize travel costs and propose a hybrid genetic algorithm, that integrates GA with local 

search to solve the problem. Shahnejat-Bushehr et al., (2019) use an insertion heuristic to generate initial routes 

and then a two-phase approach to improve them.  The first phase uses SA to assign tasks in each route to nurses 

and the second one uses TS to consider timing related constraints related to synchronized services.   

In the HHCS context data is subject to variability which makes uncertainty inherent to the VRP. Di Mascolo et 

al., (2021) in their HHC literature survey also show that most of the work analysed consider only deterministic 

approaches and author´s interest in uncertainties is recent mostly from 2017 onwards. For example, Shi et al., 

(2019) consider uncertain travel and service times from the perspective of robust optimization where non-

deterministic variables are defined based on the theory of budget uncertainty. Their approach generates feasible 

solutions if travel and service times vary within predefined intervals. To show the efficiency of heuristic methods 

they propose a SA, TS and a Variable Neighbourhood Search to solve the problem respectively, the goal is to 

minimize the total cost among the worst cases (extreme points in the time intervals). While Shi et al., (2018) 

proposed a model that considers time travel and service time as stochastic variables, to ensure feasible routes and 

on-time services, using a SPR (stochastic programming problem with Resources) to construct it.   

Reactive approaches have been developed for vehicle rerouting due to unexpected events. For example, Johnn et 

al., (2021) develop a baseline routing with uncertainty and a reactive approach for routes refinements due to 

patients’ cancelations. They consider travel times and service duration jointly as uncertain quantities and estimate 

them using probabilistic distributions. Then propose a two-stage heuristic, the first phase finds an initial set of 

routes considering time estimations and improves them with a ALNS metaheuristic. A second phase intervenes 

when the list of cancelled visits is revealed on the same day of service, this phase removes cancelled patients from 

the previous routes, estimates new arrival times and applies ALNS to improve the new routes for better work 

balance. Demirbilek et al., (2018) consider new patient arrivals once routes are created, a Scenario Based 

Approach is proposed to simulate scenarios and possible insertions, results are analyzed to decide whether to 

accept the new patient and at which time. The goal is the maximization of visits; however, the solution is limited 

to a single nurse attending all patients.  

Some authors have solved both NSP and VRP considering their inter-dependence. Nickel et al., (2011) propose a 

constraint programming for the VRP and a two-phase method for the nurse rescheduling problem based on 

insertion heuristic and TS. Lin et al., (2017) jointly considers rostering, routing, and rerostering for HHCS, a first 

stage uses an improved HSA with genetic and saturation schemes that con-currently determines nurse’s shifts and 

vehicle routing for a week planning period. The second stage modifies the original schedule by reassigning nurses 

to visits when sudden incidents occur (nurse absences, new patient’s insertions, or patients’ cancellations), 

inheritance and immigrant schemes are added to the HAS. However, these approaches do not consider proactive 

measures or stochastic parameters related to the HHC context.   

Compared to the literature reviewed the fundamental contributions of this project are:   

• This study includes the design of a proactive methodology to solve the NSP to anticipate absenteeism 

while satisfying nurses' preferences and balancing the workload.  
• Propose solution methods that consider HHC’s uncertain environment. Where the methodology to solve 

NSP has a proactive component (anticipating absenteeism) when assigning nurses’ shifts. And a solution 

method for the VRP that considers stochastic travel time to create baseline routes and a reactive 

component to respond to unexpected events.   
• Propose a solution method for NSP, another solution method for the VRP and integrate them into an 

interface/application for the case study.  

 

 



3. Objectives  

To design a technological tool for automated decision making based on a proactive and reactive approach to 

generate a monthly shift planning and weekly routing of medical personnel in home health care services.   

1. Formulate the mathematical models for monthly nurse scheduling and weekly routing home care planning 

services.  

2. Design and develop solution methods based on a proactive approach for the NSP.  

3. Design and develop solution methods for routing and rerouting of nurses to fulfill daily patients’ 

requirements.   

4. Design and develop a user-friendly application that integrates the proposed methodologies for solving the 

NSP and VRP.  

5. Measure the impact of the proposed solution methods in terms of workload balance, nurses’ preferences, 

and total route time.  

 

4. Methodology 

 

To tackle the NSP and VRP, initially integer linear models were constructed for each problem, in order to identify 

features and constraints that affect each, monthly assignment of nurses with a multiobjective approach and weekly 

routing for Home Health Care Service.  

 

In the specific case of the NSP, a second model is also introduced with the purpose of considering preventive 

measures for handling possible nurse’s absenteeism’s during the planning horizon. These preventive measures 

focus on the assignment of backup nurses, which may allow a rapid response to absenteeism ensuring attention 

for all scheduled patients. 

 

For weekly routing, a periodic VRP is first modeled as a mono-objective linear program. Then a deterministic 

solution is developed with the implementation of Tabu Search metaheuristic.  And finally, a simheuristic is 

developed to address the stochastic version problem. These two approaches provide a preventive (offline) solution 

for the caregivers’ attention routes, for the seven days of a single week. Subsequently, reactive strategies are 

addressed to correct any eventuality that may arise.  

 

After addressing the NSP and VRP independently, Pseudocode 1 shows how these problems are connected. First, 

the solution of the NSP provides the list of nurses assigned to each shift of each day of each week of the month. 

With this information, the periodic VRP is solved for each week of the month, with the purpose of obtaining the 

daily attention routes assigned to available caregivers. 

 

 
Pseudocode 1. Relation between programs  

 

 

 

 



4.1.NSP  

 

4.1.1. Mathematical model  

 

Initially the integer linear problem was constructed with two objective functions, that determined the 

multiobjective approach. The first one includes the relation between the maximum legal shifts allowed determined 

by the hospital and the number of assigned shifts, considering accumulated hours in the past. The second one is 

related with caregiver`s shift preferences during weekends and requested days off. 

 

The selected solution method to solve the linear problem for the multiobjective NSP was epsilon constraint which 

allows to construct a pareto front with different monthly schedules (Mesquita & Figueira 2022).  

 

The method begins by solving the model independently for each objective function, then choosing an objective 

function that will remain as the main one (this decision is made based on the hospital priorities) and leaving the 

other as a constraint, which will be associated to a set of parameters called epsilon determined specifically by 

each objective function that remains as a constraint. Following this, the program is solved determining the number 

of epsilons that will create the Pareto front to choose the grid point. The point that finds a balance between both 

objective functions will be chosen using a MCDM (Multi-criteria decision making) (Mavrotas,.2013) 

 

The multiobjective model seeks to fulfill the following features: (i) the shifts assigned to the nurses cannot exceed 

the maximum number of legal hours allowed; (ii) due to the regulations of the hospital where the study is carried 

out, no overtime is paid, it must be taken into account that the previous month the nurses could have worked more 

or even less hours than scheduled, to balance workload in relation to the previous month;  (v) there is a preference 

document, where caregivers request for specific days off or different preference shift, the program aims to 

minimize the number of times preferences are not achieved.  

The corresponding sets, parameters, variables, and constraints of the proposed mathematical model are presented 

as follows: 

 

Sets: 

I  Set of caregivers  

NV  Set of caregivers who did not request vacation and work all month long 

Z  Set of morning shifts 

B  Set of afternoon shifts 

L  Set of caregivers who requested vacation in the month 

K  Set of days in the month 

Sat  Set of Saturdays in the month 

Sun  Set of Sundays in the month 

Fds  Set of weekend days in the month 

S   Set of weeks on the planning horizon 

D  Days on which caregivers requested vacation time 

Parameters: 

P  Number of weekends in the month 

DM  Maximum shift duration 

HMM  Maximum legal hours allowed per month 
HAi  Accumulated 'overtime' hours of caregiver i in the past month 

TFi  Equals 1 if caregiver i prefers to be assigned in morning shifts on weekends, and is 0 if preference is 

afternoon shift   

DH   Working days in each week 
MPR1zk Minimum personnel required in the morning shift z, on day k 
MPR2bk Minimum personnel required on afternoon shift b, on day k 



DispMik Equals 1 if nurse 𝑖 has availability in the morning on day k, and is 0 otherwise 

DispAib Equals 1 if the nurse 𝑖𝜖𝐼 has availability in the afternoon on day k𝜖K, and is 0 otherwise 

DLIik  Equals 1 if nurse 𝑖 requests day k off, and is 0 otherwise 

DVik  Equals 1 if nurse 𝑖 requests vacation on day k, and is 0 otherwise 

Decision Variables: 

Xizk  Equals 1 if nurse 𝑖 works on the morning shift z on day k, and is 0 otherwise 

Uibk  Equals 1 if nurse 𝑖 works on afternoon shift b on day k, and is 0 otherwise 

Wik  Equals 1 if the nurse 𝑖 has day k off, and is 0 otherwise 

PTF  Weekend shift preferences penalty 

PDL  Days off requests penalty 

Yi  Number of shifts assigned during the month to nurse 𝑖 

MDH  Difference between maximum shifts that should be assigned to a caregiver (considering overtime hours to 

be balanced) and real number of shifts assigned 

Vi   Overtime hours allocated to nurse 𝑖 to meet demand  

DOffi  Weekend days off in the month of the nurse 𝑖𝜖𝐼 

Objective functions  

(1) Minimize z1: ∑ PDL+PTF 

(2) Minimize z2: MDH + ∑
𝑣𝑖

𝐷𝑀𝑖∈𝐼  

Model constraints 

(3) 𝑌𝑖 = ∑ 𝑋𝑖𝑧𝑘 + 𝑈𝑖𝑏𝑘∀𝑘∈𝐾,∀𝑏∈𝐵,∀𝑧∈𝑍    ∀𝑖 ∈ 𝐼,i ∉ L 

(4) ((𝐻𝑀𝑀 − 𝐻𝐴𝑖) ∗
1

𝐷𝑀
) − 𝑌𝑖 ≤  𝑀𝐷𝐻 

(5) 𝑌𝑖 − ((𝐻𝑀𝑀 − 𝐻𝐴𝑖) ∗
1

𝐷𝑀
) ≤ 𝑀𝐷𝐻 

(6)∑ 𝑋𝑖𝑧𝑘 + ∑ 𝑈𝑖𝑏𝑘 + 𝑊𝑖𝑘 = 1                       ∀𝑖 ∈ 𝐼, ∀𝑘 ∈ 𝐾∀𝑏∈𝐵∀𝑧∈𝑍  

(7)𝑌𝑖 ∗ 𝐷𝑀 ≤ (𝐻𝑀𝑀 − 𝐻𝐴𝑖) + 𝑉𝑖                               ∀𝑖 ∈ 𝐼 

(8)∑ 𝑋𝑖𝑧𝑘 ≥ 𝑀𝑃𝑅1𝑧𝑘                                                ∀𝑘 ∈ 𝐾, ∀𝑧 ∈ 𝑍∀𝑖∈𝐼  

(9) ∑ 𝑈𝑖𝑏𝑘 ≥ 𝑀𝑃𝑅2𝑏𝑘                                              ∀𝑘 ∈ 𝐾, ∀𝑏 ∈ 𝐵∀𝑖∈𝐼  

(10) ∑ 𝑋𝑖𝑧𝑘 ≤ 𝐷𝑖𝑠𝑝𝑀𝑖𝑘                                           ∀𝑘 ∈ 𝐾, ∀𝑖 ∈ 𝐼∀𝑧∈𝑍  

(11) ∑ 𝑈𝑖𝑏𝑘 ≤ 𝐷𝑖𝑠𝑝𝐴𝑖𝑏                                           ∀𝑖 ∈ 𝐼, ∀𝑏 ∈ 𝐵∀𝑏∈𝐵  

(12)𝑊𝑖,𝑓𝑑𝑠[𝑗][0] + 𝑊𝑖,𝑓𝑑𝑠[𝑗][1] ≥ 1                                 ∀𝑖 ∈ 𝐼, ∀𝑗 ∈ (0, 𝑙𝑒𝑛(𝑓𝑑𝑠)) 

(13)𝐷𝑂𝑓𝑓𝑖 = ∑ 𝑊𝑖𝑘                                             ∀𝑖 ∈ 𝐼∀𝑘∈𝑓𝑑𝑠  

(14)𝐷𝑂𝑓𝑓𝑖 ≥ 𝑃 + 1                                                         ∀𝑖 ∈ 𝐼 

(15) PDL= ∑ (𝐷𝐿𝐾𝑖𝑘 − (𝑊𝑖𝑘 ∗ 𝐷𝐿𝑖𝑘)) ∀𝑖∈𝐼,∀𝑘∈𝐾  

(16)𝑋𝑖𝑧𝑘 − 𝑋𝑖𝑧𝑝 ≤ 𝑊𝑖𝑝                                                    ∀𝑖 ∈ 𝐼, ∀𝑧 ∈ 𝑍, ∀𝑘, 𝑝 ∈ 𝐷𝐻𝑠, ∀𝑠 ∈ 𝑆 

(17) 𝑈𝑖𝑏𝑘 − 𝑈𝑖𝑏𝑝 ≤ 𝑊𝑖𝑝                                                  ∀𝑖 ∈ 𝐼, ∀𝑏 ∈ 𝐵, ∀𝑘, 𝑝 ∈ 𝐷𝐻𝑠, ∀𝑠 ∈ 𝑆 



(18) 𝑈𝑖3𝑘 − 𝑈𝑖3𝑘+7 = 0                                                   ∀𝑖 ∈ 𝐼, ∀𝑘 ∈ 𝐷𝐻𝑠, ∀𝑠 ∈ 𝑆 

(19) 𝑋𝑖2𝑘 + 𝑋𝑖2(𝑘+7) ≤ 1                                                 ∀𝑖 ∈ 𝐼, 𝑘 ∈ 𝐷𝐻𝑠, ∀𝑠 ≤ (𝑁𝑆 − 1) 

(20)∑ 𝑈𝑖𝑏𝑘 +∀𝑏∈𝐵 ∑ 𝑋𝑖𝑧(𝑘+1) ≤ 1                          ∀𝑖 ∈ 𝐼, ∀𝑘 ∈ (𝐾 − 1)∀𝑧∈𝑍  

(21) ∑ 𝑋𝑖𝑧𝑘 = 0                                                         ∀𝑖 ∈ 𝐿, ∀𝑘 ∈ 𝐷𝑖∀𝑧∈𝑍  

(22) ∑ 𝑈𝑖𝑏𝑘 = 0                                                         ∀𝑖 ∈ 𝐿, ∀𝑘 ∈ 𝐷𝑖                          ∀𝑏∈𝐵  

(23) 𝑃𝑇𝐹 =  ∑ [((∑ 𝑈𝑖𝑏𝑘) − 𝑇𝐹𝑖) + (𝑇𝐹𝑖 ∗ (2 ∗ ∑ 𝑋𝑖𝑧𝑘)) + (𝑊𝑖𝑘 ∗ 𝑇𝐹𝑖)]  ∀𝑘 ∈ 𝑠𝑎𝑡, 𝑠𝑢𝑛∀𝑧∈𝑍∀𝑏∈𝐵∀𝑖∈𝐼  

Two objective functions were considered to solve the Nurse Scheduling Problem. The first objective (1) consists 

in minimizing the addition of two term, the first one is the difference between the number of shifts that should be 

assigned to a caregiver (considering maximum legal allowed hours and overtime hours in past months to be 

balanced). The second objective (2) oversees minimizing the penalty for not fulfilling shifts preferences during 

weekends and requested days off. The real number of shifts assigned calculated in (4) and (5). The second term 

seeks to minimize the total number of extra shifts assigned to meet the demand.  

In order to fulfill the hospital requirements regarding caregivers shift assignment: constraint (3) accumulates the 

number of shifts assigned to each caregiver. Constraint (6) ensures it can only be assigned one type of shift for 

caregiver each day. Constraint (7) establishes the maximum allowed shifts for the month, permitting the 

assignment of extra shifts if necessary to meet the demand. Daily personnel requirements are ensured by 

constraints (8) and (9). Constraints (10) and (11) ensure that the assignment of shifts correspond with the 

caregiver’s availability. Regarding weekend assignation constraint (12) ensures either Saturday or Sunday off for 

each caregiver in each weekend. Weekend days off are accumulated in equation (13) and considered by constraint 

(14) to guarantee at least one weekend with both Saturday and Sunday as days off. 

Constraint (15) accumulates the frequency a day off request is not fulfilled. Constraints (16) and (17) ensures the 

assignment of each caregiver to the same shift (morning or night) during the week. Constraint (18) guarantees 

that specialty caregiver is assigned to the same shift throughout the month. Constraint (19) corresponds to a 

specific hospital regulation in which a caregiver cannot be assigned for a number of weeks in a row to a specific 

shift (morning or night). A night shift cannot be followed by a morning shift in the next day, this regulation is 

ensured by constraint (20). Constraints (21) and (22) ensure that caregivers who requested vacations do not have 

any shift assignation during those days. Finally, constraint (23) accumulates the number of times a weekend shift 

preference is not fulfilled. 

Constraints (3,4,5) were adapted from the paper "Allocation and Routing Algorithm for Service Order 

Attendance" Gonzalez et al., (2021). Constraint (12) was adapted from the study "A 0-1 goal programming model 

for nurse scheduling" Azaiez & Sharif (2005). Constraint (18,19) were adapted from the paper "A 2-Stage 

Approach for the Nurse Rostering Problem" Leng Goh et al.,  (2022). Remaining restrictions were created by the 

authors of this study. 

4.1.2. Preventive approach  

 

The preventive component for NSP corresponds to a mathematical model that seeks to assign backup nurses for 

each shift. The backup nurses are caregivers who can cover a shift in case of another nurse absence. In practice, 

a backup nurse can be notified in advance about the possibility of covering a potential absence. It is assumed in 

this study that the backup caregiver is notified at least one day in advance to cover the absence. 

 

The mathematical model seeks to minimize the difference between the total shifts assigned to each nurse, which 

implies that the addition of assigned shifts and backup shifts should be as close as possible between caregivers.  

The allocation of backup caregivers starts with the available nurses who have not requested vacation during the 

planning month, who could be assigned as backup on the day they are available. Shifts at the hospital in the study 



are divided into morning and afternoon shifts, if all nurses are scheduled for the day, a nurse from the opposite 

shift is chosen to be the backup. Meeting the needs of the hospital in the study, only one caregiver was assigned 

as backup for the morning shift and another one for the afternoon shift. Sets, parameters, variables, and constraints 

of the mathematical model proposed are presented below. 

 

Parameters  

 

NumM   Number of backups for the morning 

NumA   Number of backups for the afternoon 

Decision Variables 

BUMik          Equals 1 if nurse 𝑖 is asigned as backup on the morning shift on day k, and is 0 otherwise 

BUAik         Equals 1 if nurse 𝑖 is asigned as backup on the afternoon shift on day k, and is 0 otherwise 

Difference  Maximum diference between shifts   

TotalShiftsi  Number of total shifts assigned 

AvNurseM  List of available nurses to cover  shift in the morning 

AvNurseA  List of available nurses to cover  shift in the afternoon 

Objective function 

Min: Differences  

Model constraints 

(2) 𝑇𝑜𝑡𝑎𝑙𝑆ℎ𝑖𝑓𝑡𝑠𝑖 = 𝑆ℎ𝑖𝑓𝑡𝑠(𝑖−1) + ∑ 𝐵𝑈𝑀𝑖𝑘 + ∑ 𝐵𝑈𝐴𝑖𝑘𝑘 𝑖𝑛 𝐾𝑘 𝑖𝑛 𝐾             ∀𝑖 ∈ 𝐼 

(3) 𝑇𝑜𝑡𝑎𝑙𝑆ℎ𝑖𝑓𝑡𝑠𝑒 − 𝑇𝑜𝑡𝑎𝑙𝑆ℎ𝑖𝑓𝑡𝑠𝑖 ≤ Difference                                              ∀𝑖, 𝑒 ∈ 𝐼 

(4)  𝑇𝑜𝑡𝑎𝑙𝑆ℎ𝑖𝑓𝑡𝑠𝑖 − 𝑇𝑜𝑡𝑎𝑙𝑆ℎ𝑖𝑓𝑡𝑠𝑒 ≤ Difference 

(5) ∑ 𝐵𝑈𝑀𝑖𝑘 =𝑖 𝑖𝑛 𝐿𝑖𝑠𝑡𝑎𝐸𝑛𝑓𝐷𝑖𝑠𝑝𝑀[𝑘−1] NumM                                                ∀𝑘 ∈ 𝐾  

(6) ∑ 𝐵𝑈𝑀𝑖𝑘 =𝑖 𝑖𝑛 𝑁𝑂𝑑𝑖𝑠𝑝𝑀[𝑘−1] 0 

(7) ∑ 𝐵𝑈𝐴𝑖𝑘 = 0𝑖 𝑖𝑛 𝑁𝑂𝑑𝑖𝑠𝑝𝐴[𝑘−1]  

(8) ∑ 𝐵𝑈𝐴𝑖𝑘 =𝑖 𝑖𝑛 𝐿𝑖𝑠𝑡𝑎𝐸𝑛𝑓𝐷𝑖𝑠𝑝𝐴[𝑘−1] NumA 

(9) 𝐵𝑈𝑀𝑖𝑘 + 𝐵𝑈𝐴𝑖𝑘 ≤ 1                                          ∀𝑘 ∈ 𝐾, 𝑖 ∈ 𝐹𝑟𝑒𝑒[𝑘 − 1] 

(10) ∑ 𝐵𝑈𝑀𝑖𝑘𝑖 𝑖𝑛 𝐹𝑟𝑒𝑒[𝑘−1] = 1                       ∀𝑘 ∈ 𝐾, 𝑖 ∈ 𝐹𝑟𝑒𝑒[𝑘 − 1] 

(11)∑ 𝐵𝑈𝐴𝑖𝑘𝑖 𝑖𝑛 𝐹𝑟𝑒𝑒[𝑘−1] = 1      ∀𝑘 ∈ 𝐾, 𝑖 ∈ 𝐹𝑟𝑒𝑒[𝑘 − 1]  

(12) ∑ 𝐵𝑈𝑀𝑖𝑘𝑖 𝑖𝑛 𝐹𝑟𝑒𝑒[𝑘−1] = 1  𝑜𝑟 ∑ 𝐵𝑈𝐴𝑖𝑘𝑖 𝑖𝑛 𝐹𝑟𝑒𝑒[𝑘−1] = 1  

(13) 𝐵𝑈𝐴𝑖𝑘 + 𝐵𝑈𝑀𝑖𝑘 + 𝐵𝑈𝐴𝑖𝑘+1 + 𝐵𝑈𝑀𝑖𝑘+1 <= 1 

The objective function (1) seeks to minimize the difference between the total shifts assigned to caregivers in the 

month, calculated by restrictions (2-4). Constraints (5-8) guarantee the assignment of caregivers for each backup 

shift, those who are in vacation or incapacitated are excluded in this case. As a specific restriction for the hospital 



in this study, constraint (9) ensures that only one backup shift can be assigned to an available caregiver in a day. 

Constraints (10,11,12) verify caregivers that have the day off and assigns them to backup shift, if all caregivers 

are already assigned to shifts, then backup will be chosen from the opposite shift. Finally, restriction (13) ensures 

that nurses scheduled on the day, cannot be assign as backup in consecutive days.  

4.2 VRP  
 
4.2.1 Mathematical model 

 

The implementation of the periodic VRP in the context of Home Health Care (HHC) considers certain important 

features which are described as follows. Every time a new patient is admitted to the HHC program the number of 

visits per day needed, the address, the precise hour of the visit and the number of days are registered. For the 

hospital in the study, it is necessary to schedule the visits within a time window, according to the service to be 

provided. The service duration used in this study corresponds to the average historical records given and was later 

approved by their planner. A patient may require more than one visit per day, it is for this reason that each node 

considered in the model corresponds to a visit and not a patient. Since the patient’s duration in the program is 

already known, the model has a one-week planning horizon. With this information it is possible to assign 

caregivers to the visits scheduled for each day of the week.  

 

The workload balance and caregiver’s preferences were addressed in the NSP model, therefore the solution for 

the mathematical problem seeks to minimize the total durations of the routes in the week due to transportation 

related costs. The model ensures scheduling caregivers considering their previously established shift assignation 

by the NSP model and guarantees every visit to be carried out within the time window. The sets, parameters, 

variables, and constraints of the mathematical model proposed are explained in the appendix 1. 

 

4.2.2. Tabu Search Metaheuristic  

Tabu search algorithm’s use provides advantages in comparison to linear programming. Determining the optimal 

solution to VRP has a NP-hard complexity (Cordeau et al., 2000) which limits the size of problems that can be 

solved to optimality in reasonable computational times Tabu search metaheuristic compares feasible exchanges 

of information from an initial solution. It avoids the use of previously visited solutions by storing them in a 

memory called tabu list, allowing the solution to take different values to find an exchange that beats the previously 

stored, avoiding local optimal values (Smith & Cochran, 2010). 

According to the results obtained in the studies of Thangiah & Osman (2014) it can be stated that simulated 

annealing, tabu search and genetic algorithm are good algorithms for the solution of the VRPTW. According to 

El-Sherbeny, N. (2005) one of the advantages of the Tabu search is that it allows to move away from the local 

optimum and tends to temporarily allow the passage to poorer solutions only when it is in the vicinity of a local 

optimum while this can occur at any time in the simulated annealing.  Other authors such as Taillard et al (1997) 

and Rest & Hirsch (2015) state that this problem-solving methodology appears to be robust and can be 

significantly improved when the method is applied. 

In the context of the problem at hand, in order to obtain the weekly routes for satisfying the total number of visits, 

two tabu operators were identified, allowing the development of new solutions that optimize the proposed 

objective function explained in diagram 1. Routing time corresponds to the total duration of routes in the planning 

horizon. The penalty corresponds to the amount of time windows that are violated for both, caregivers and visits. 

For instance, if a caregiver’s shift finishes at 7pm and arrives to the hospital at 8pm, there is a one-hour penalty. 

On the other hand, if a visit is scheduled at 3pm with a time window until 3:30pm (the hospital in this case study 

promises a one hour time window) and the caregiver arrives by 4pm, there is a 0.5 hour penalty.  



 
Diagram 1. Objective Function Calculation 

The initial solution was created for each day as follows. First, an initial caregiver is chosen and assigned to visit 

the patients that yet have not been assigned, starting from the closest in time to the caregiver´s shift start time. 

Then, the caregiver’s route is filled with the visits that are closest in time, considering the stablished time window, 

until the route has filled the shift capacity time. When all visits are successfully assigned to less than the total of 

caregivers available, not all caregivers are required to leave the hospital and the remaining ones will work in 

administrative tasks during the shift.  

Exchange type 

• Creates a list of candidate pairs of visits to be exchanged. Each pair is composed by 2 visits from different 

routes and that are closed in their scheduled time. The candidate list is created in order to reduce the 

number of changes and evaluate only those that are most likely to generate a feasible solution. 

• Evaluates the feasibility of all the exchanges in the candidate list considering the established patient´s and 

caregiver´s time windows.  

Example: Considering R1 and R2 as two initial routes and {1,2} a candidate pair of visits. 

• R1 {1, 3, 5} R2 {4,2,6 } Candidates {1,2}  

• Routes after exchange R1 {2, 3, 5} R2 {4,1,6 }  

Move type 

• For each day and each route, every visit is allocated in the other routes created for that day, meaning that 

all possible insertions are considered. 

• Evaluates the feasibility of the “move” considering the established patient´s and caregiver´s time windows 

Example: Visit 1 is inserted in the other routes created 

Initial solution: R1 {1, 3, 5} R2 {4,2,6 } R3 {8,7,9 } 

Move 1: visit 1 is inserted in route 2 considering time windows. The position where the visit is inserted in the 

route is determined by a self-authored algorithm that evaluates the feasibility of each move. 

R1 {3, 5} R2 {1,4,2,6} R3 {8,7,9 } 

Move 2: visit 1 is inserted in route 3 following the same steps as in move 1.  

R1 {3, 5} R2 {4,2,6} R3 {1,8,7,9 } 

The stopping criteria implemented for the algorithm enables two options, the first is to stop when the number of 

iterations reaches the maximum number established and the second one is when it reaches a determined number 



of iterations without improving the objective function. The relation between the proposed tabu operators is shown 

in pseudocode 2. 

 
Pseudocode 2. Tabu search change operators  

4.2.3. Stochastic VRP 
 

A simheuristic approach is a combination between metaheuristics and simulation techniques to consider stochastic 

variables in order to solve optimization problems in real life (Juan et al., 2018).  In this study, simulation is used 

to evaluate the variability of travel times between each pair of nodes in the periodic VRP, due to daily traffic 

uncertainties. Travel times between a pair of nodes i, j are characterized assuming a normal distribution, regarding 

the adjustment of travel times to certain statistical distributions it has been found that some authors such as Büchel 

and  Corman (2020) have managed to find adjustments related to the normal or lognormal distribution. The mean 

and variance of the corresponding normal distribution, are estimated with the traveling times ranges obtained with 

google Maps for each pair of nodes i, j according to the estimated day and time in which the visits will be carried 

out. This approach allows representing a more realistic situation in which the travel time between a pair of nodes 

could vary depending on the day and time.  

The proposed simheuristic approach is based on the implementation of the Tabu Search procedure explained in 

section 4.2.2.  Pseudocode 3 presents the description of the proposed simheuristic where a number of time 

parameters replicates (SolNumber) are generated in order to find SolNumber feasible solutions throughout the 

tabu search. Replicates (NumReplicates) are generated with different travelling times parameters to be finally 

evaluated on each of the obtained SolNumber solutions. The simheuristic seeks to find the solution that minimizes 

the average objective function (OF).  



 
Pseudocode 3. Simheuristic approach 

Finally, it is important to outline that the simheuristic allow us to obtain a preventive solution for the stochastic 

VRP, which implies the possibility of defining an initial set of routes for doing all the visits scheduled for each 

of day of a week considering the potential variability in the travelling times.  

4.2.4. Reactive Approach 
 

After defining an initial (preventive solution) for the NSP and VRP, it is important to evaluate the implementation 

of reactive strategies for updating solutions in the case where unexpected event arises. In the context of the case 

of study, unexpected events are related to: (i) visit cancellations, (ii) patient insertions during the planning horizon, 

and (iii) nurse absenteeism during the NSP planning month.  

Even though visits for the upcoming week are known in advance to create caregiver’s routes, it is possible for 

new patients to be admitted to the HHCS program later in the week. This generates new visits insertions that 

modify the baseline (preventive) routing.  The number of new visits admitted into the program corresponds to a 

stochastic variable considered in this study. The specifications of the features of the stochastic distribution related 

to the insertion of new patients is explained in section 4.4.2. In order to include new visits into the initial routes, 

meeting the visit’s time window, this study implements the following insertion strategy. 

The strategy consists of evaluating all the possible insertions of the new visit in the routes already established for 

that day and selects the insertion that generates the least impact on the objective function which consists of the 

sum of the total time of the routes in the planning horizon and the penalties of the time window of both patients 

and caregivers. Diagram 2 provides an example of the strategy.  

 
Diagram 2. Insertion strategy 

 

On the other hand, regarding absenteeism and patient’s cancelations, section 4.4.2 includes the description of the 

corresponding probability distributions of these two stochastic variables. In the case of absenteeism, given that 



backup caregivers are previously defined by the preventive NSP explained in section 4.1.1, it is not necessary to 

implement a reactive strategy whenever an absenteeism occur. In case of cancelations, the visit’s order already 

generated for the routes are not modified.  

 
4.3. Deterministic results  
 
4.3.1. Gap evaluation for NSP multi-objective approach 
 

To evaluate the effect of each objective function, seven instances were generated from real data provided by the 

hospital in the study. Each instance corresponds to the available data for the months of January to July of 2022. 

Each instance considers eight available nurses and two shifts per day (morning and afternoon) and all the required 

data for the corresponding monthly planning of caregivers in the hospital.  

The gap shown for each instance in table 1 measures the percentage difference between the solution obtained 

with the epsilon constraints model and the corresponding optimal solution for each objective function (OF1 and 

OF2). In this case it measures how far is the monthly planning constructed by the epsilon constrains model from 

the optimum of each OF.  

 
Table 1. GAP average. 

Table 1 shows the gap obtained for each of the objective functions proposed for NSP: OF1 contains the relation 

between the maximum legal shifts allowed determined by the hospital and the number of assigned shifts, while 

OF2 considers caregiver’s shift preferences during weekends and requested days off. A gap of 0% means that the 

OF from the model’s solution is equal to its optimal value. In 3 out of the 7 instances (months) evaluated, the 

results showed that the epsilon constraints obtained the optimal solution for both objective functions. 

OF 1 is the objective with the highest priority taking into account it minimizes the amount of shifts that can be 

assigned to a caregiver and the actual number of shifts assigned. This OF impacts directly caregiver`s workload 

balance, which is necessary to be addressed first to then consider if preferences and requests can be fulfill. Since 

OF 1 is given a higher priority, it causes the gap in the second objective function to give up preferences and move 

away from its optimal value in the months of February, June and July, where results obtained achieve the optimal 

in FO1, but sacrificing OF2. Finally, among the 7 months analyzed, only in March was there a gap in both 

objective functions larger than zero. This situation arises, because in this month, one of the caregivers was on 

vacation for 22 of the 31 days of the month. Meaning that those shifts had to be assigned to other caregivers, 

which results in the fact that it was more difficult to obtain a single solution that led to optimality without 

sacrificing performance in terms of the caregivers’ preferences satisfaction and workload balance. 

4.3.2. Workload balance impact for NSP 
 

To evaluate the impact of workload balance achieved by the epsilon constraint method implemented in the study, 

the results of the second OF given by the epsilon constraint are compared with the hospital’s solutions for the 

months of January to June as shown in table 1. The comparison shown in figure 1 only considers OF1 (consists 

in minimizing the addition of two term, the first one is the difference between the number of shifts that should be 

assigned to a caregiver, considering maximum legal allowed hours and overtime hours in past months to be 



balanced) since the hospital’s solution did not consider caregivers weekends preferences. OF 2 was proposed in 

this study to increase caregiver’s satisfaction. 

The results evidence that in three out of the six months compared both solutions meet the optimal value for the 

difference in the number of shifts assigned to each nurse. This is possible to achieve by the hospital due to the 

number of caregivers currently working at the HHC program. In a bigger scenario with a higher number of nurses 

it would be harder and more time consuming for the planner to assign a similar number of total shifts in the month 

evenly for each caregiver. In the remaining months (January, March and May) the mathematical model beats the 

hospital’s solution and assigns a more balanced workload considering the hours accumulated in previous months. 

Only in March the epsilon constraints model fails to meet the optimal value by exceeding it in a 12.5% as shown 

in table 1 with the gap average.  

Although the workload scheduled by the hospital for the months evaluated was balanced to optimality in the 50% 

of the tested instances, the benefit of implementing the mathematical model proposed are related to time of 

execution, automated shift assignments, the consideration of caregiver’s preferences and a balanced schedule. In 

addition, it is important to outline that it should be more difficult to the hospital´s planner to obtain manually a 

viable solution when considering the effect of the two objective functions and not only one.  

 
Figure 1. Workload balance comparison 

4.3.3. Mathematical model vs Metaheuristic for VRP 
 

Regarding the periodic VRP, it is important to evaluate the impact of the proposed Tabu Search (TS) algorithm 

in a deterministic context. Therefore, the proposed mathematical model was implemented in order to have an 

initial point of reference for evaluating the results obtained with the TS. This comparison is made in order to 

establish the efficiency of the proposed metaheuristic against the optimal solutions obtained by the corresponding 

mathematical model. Three types of instances (small, medium and large) were generated in order to evaluate the 

impact of the proposed Tabu Search algorithm.  Table 2 contains the main features of each type of instance.  

 
Table 2. Simulation instances 

 

For each type of instance (small, medium and large), 5 instances where generated varying the number of visits, 

according to ranges shown in table 2, by proportionally increasing the number for each instance. The traveling 



times ranges were obtained with google Maps, the average travel time for each pair of nodes was used. The 

mathematical model found optimal results only for the small instances and the running time was under an hour. 

For the medium and large size instances, it was not possible to obtain the optimal solution within a two-hour 

period, hence the best solution found in that time limit was registered.    

Regarding small instances, it was possible to obtain the optimal solution for each of the 5 evaluated instances. 

Meaning that considering all constraints related to the problem, the mathematical model successfully finds the 

assignation of visits that generate the lowest travel time possible. 

On average, travel times provided by Tabu search solutions were 5.89% higher than the optimal solutions. 

However, the computational time spent by the tabu search was significantly lower, with only three seconds in 

each replicate and on average it spent 99.67% less computational time than the mathematical model. Both, the 

model and the metaheuristic found solutions that meet both patients and caregiver’s time windows. The 

comparison of the results obtained are shown below in figure 1 

 

              

Figure 2. Small instance comparison                                                Figure 3.  Medium instances comparison 

 

Regarding medium size scenario, the mathematical model is run for 2 hours finding feasible solutions in only 4 

out of the 5 instances. Within the 4 results obtained by the mathematical model it can be observed that the tabu is 

still faster than the model at finding a solution by 99.91% and it has an average execution time of 6.25 seconds. 

Metaheuristic’s solutions were 4.71% better than the model´s best feasible solutions obtained within the two 

hours’ time limit total duration time. In 3 out of the 4 instances where it was possible to make comparisons 

between both solution methods, the solutions provided by the metaheuristic had a time penalty for time windows 

violations (shown above in diagram 1). However, this penalty had a mean of 1.97 hours and considering the size 

of the problem (115 to 175 visits) this time violation does not represent a significant impact in the solution. It was 

also possible to prove that the larger the instance, the greater the impact of implementing a metaheuristic as a 

solution method. In instance number 5 when the number of visits in the week is increased to 175, the model could 

not find a feasible solution in a period of time of 2 hours, on the other hand the metaheuristic finds a solution in 

10 seconds with no time penalty.  

For the large size version of the problem, five instances were executed. Allowing the mathematical model to run 

for 2 hours. Moreover, the metaheuristic did find feasible solutions for all instances and without penalties in the 

OF, spending an average execution time of 11 seconds. Due to the size of the problem, since the number of visits 

is over 175, the mathematical model does not find a feasible solution for this reason it was not possible to compare 

tabu´s results with the optimal solutions. 

 

 



4.4. Simulation  

The first part of this section seeks to compare each of the methodologies implemented to solve the stochastic 

periodic VRP, evaluating the performance obtained by using the metaheuristic and simheuristic, in contrast to 

real solutions made in previous months by hospital in question. To make this comparison possible, real parameters 

from the months evaluated were used. In this case, travelling times between visited nodes presents a stochastic 

behavior 

The second part of the section corresponds to the simulation of optimistic and pessimistic scenarios related to the 

stochastic parameters of the problem evaluated in the integrated solution approach, which deals with the NSP and 

VRP under a stochastic behavior, including the interaction between preventive and reactive solutions.  (That 

integrates NSP and VRP). In the case of the reactive solutions, stochastic parameters considered are: visit 

cancellations, patient insertions during the planning horizon, and nurse absenteeism during the NSP planning 

month in consideration. The goal is to evaluate the impact of the proposed reactive strategies in comparison with 

the current strategies implemented by the hospital. 

4.4.1. Stochastic VRP comparison with deterministic VRP and hospital’s solution  
 

The decision-making process used by the hospital was programmed in order to compare the hospital’s solution 

with the ones obtained from the metaheuristic (Tabu search) and the semi-heuristic. 1000 replicates were 

performed for the travel times between nodes in order to use them as parameters within the 3 methods to be 

compared. The OF is calculated with these 1000 data and an average OF is calculated for each method. This 

procedure was performed for a time period of 8 weeks of data provided by the hospital, the weeks correspond to 

the months of April and May (2022), with a total number of visits of 334 and 266 respectively. Being the month 

of april a high demand month and may a month with an average number of visits. The value of the OF is composed 

of two factors, the routing time and the penalty for non-compliance of time windows, this non-compliance can 

affect visits or caregivers as shown previously in diagram1. 

For the 2 months evaluated, the simheuristic was the algorithm that obtained the lowest average objective 

function, with a total OF (routing time + time window penalty) of 560.97 h for the month of April and 455.35 h 

for the month of May. It can be observed that for both months the simheuristic improves the metaheuristic and 

hospital´s solution as seen in table 3.   

 
Table 3. Objective Function for each month (hours) 

 

It is also important to evaluate the penalty factor in the total OF for each solution method. The results obtained 

with reference to the non-compliance of the time windows towards the visits are shown below:  



                 
        Figure 4. Average visits’ penalty in April                                                               Figure 5. Average visits’ penalty in May 

 

Figures 3 and 4 illustrate the two indicators that are being evaluated in relation to non-compliance of time 

window: (i) Average time of non-compliance per visit, (ii) amount of visits that were attended outside of their 

time window. As seen in figures 3 and 4, April and May present similar behavior for visit time window penalties, 

the simheuristic finds a middle ground between the amount of visits that miss the time windows and the average 

waiting time per visit. On the other hand, the hospital solution has a lower noncompliance time, but it is the one 

that defaults the most patients, defaulting 24% of the visits for the month of April and 28% for May. The 

metaheuristic is the strategy that has the lowest number of time window defaults to visits but this non-compliance 

has a higher waiting time range. The simheuristic adjusts to the variability of travel times and finds a balance 

between violating more visits in its TW (compared to the metaheuristic) but with a shorter average waiting time. 

In conclusion, the simheuristic reduces the number of visits whose time windows are missed with respect to the 

hospital and the range of waiting time with respect to the metaheuristic. 

For the month of May, it can be observed that the simheuristic increases in a 2.6% the number of visits that 

presented TW penalty compared to the metaheuristic, but the average waiting time is reduced in a 51%. Compared 

to the hospital, the simheuristic increases in a 12% the average waiting time, however, it decreases in a 77% the 

number of patients with time window penalty. Even though the simheuristic does not improve both aspects 

(waiting time and number of visits with penalty) compared to the other solutions, it could be demonstrated that 

the improvement in one aspect has a greater impact than the aspect that is being deteriorated.  

        Regarding the penalties for non-compliance of caregivers’ time windows, the simheuristic does not improve the 

hospital's solution and obtains similar values to the metaheuristic. However, in figures 6 and 7 it can be observed 

that the total OF value for the simheuristic beats the other two methods in both months, with a 5% improvement 

compared to the metaheuristic and 11% compared to the hospital’s solution in April. In the month of May, the 

OF was 3% better than the metaheuristic and 13% better than the hospital’s solution.  

 

  
              Figure 6. April’s objective function comparison                                                                                    Figure 7. May’s objective function comparison 



In the table 4 it can be observed that for the 2 months in the 3 indicators evaluated the simheuristic improves the 

solution of the metaheuristic when the variable travelling times are considered. In April there is a greater 

improvement in the indicators given that this month had a higher number of visits. Simheuristic shows that in 

larger scenarios, it has a superior performance than the metaheuristic demonstrating that when the number of 

patients to be attended rises, better results will be obtained by implementing the simheuristic. 

 
Table 4. Routing time (hours) 

4.4.2. Real instance simulation  
 

In this study 4 stochastic variables are being considered: travel times, patients’ insertions, patients’ cancelations 

and caregivers’ absenteeism. Travel times were previously addressed with the implementation of a simheuristic. 

Therefore, to evaluate the effect of the other 3 stochastic variables two scenarios were simulated and 100 replicates 

of these variables were generated to then implement both the hospital’s and this study’s reactive approaches. First 

an optimistic scenario where low probabilities are used for each stochastic variable. Whereas in the pessimistic 

scenario each variable presented a high probability of occurrence. The final program includes a preventive 

strategy for nurses' absenteeism, the implementation of the simheuristic for the construction of routes and a 

reactive strategy for the insertion of visits in the planning horizon.  

This section seeks to compare the reactive strategies implemented by the study in contrast to those currently 

implemented by the hospital, for this reason, each scenario is simulated with real parameters provided by the 

hospital in the study for the months of April and May (2022). Meaning, both decision strategies were programmed 

and tested by means of a simulation for optimistic and pessimistic scenarios.  

The three parameters that include variability in the program were simulated as follows. For absenteeism, the 

number of nurses absent each day were determined by a binomial distribution with a probability P between 0.001-

0.007 in the optimistic scenario and 0.01-0.05 in a pessimistic scenario. The probabilities used for each 

absenteeism scenario were obtained from the study “An integrated approach to solve the nurse scheduling 

problem considering absenteeism and nurses’ preferences” where the hospital’s characteristics and size of the 

problem were considerably close to the hospital in this study (Jaimes at al,. 2020). Caregivers who are absent 

were chosen randomly and the duration of absence was obtained by means of a uniform probability distribution 

with a range between 1 and 4 according to the known historical information. 

To simulate visits cancellations, a Poisson probability distribution was used with parameter P= 0.25166 for an 

optimistic scenario and P= 0.32143 for a pessimistic scenario. This distribution was identified using historical 

information from the hospital. A goodness of fit test was carried out using historical information from chaotic 

months (months with more cancellations than usual) to determine the pessimistic probability, another goodness 

fit test was performed using data from standard months (months with a usual number of cancellations according 

to the hospital) to determine the optimistic probability.  It was randomly chosen which visit is canceled. Likewise 

with insertions, using historical information and performing goodness fit tests, a Poisson probability distribution 

with parameter P= 0.09272 for an optimistic scenario and P= 0.10714 for a pessimistic scenario were determined. 

The time of the new insertion was randomly chosen. Finally, to define the address of the patient to be inserted, it 

was randomly obtained from a database created from the historical information provided by the hospital. 

The strategies used in the study and the ones currently implemented by the hospital are described as follows. In 

the event of a visit cancellation the hospital’s current strategy consists of removing the canceled visit from the 



route originally assigned and the order of the remaining visits does not change. This strategy is also adopted by 

the proposed solution approach. 

 

Regarding visit insertions, the current hospital strategy considers three conditions, first they evaluate which 

caregivers are available in the shift (morning or afternoon) that could cover the visit’s time window, then for those 

caregivers who meet the first criteria their current routes are verified to check if they are available in the new 

visit’s time window. Once the caregivers who meet the first two conditions have been identified, the new visit is 

assigned to the caregiver with the shortest route duration. However, given the case when no caregiver meets the 

three conditions, the last option to attend the new visit is assigned to the caregiver who performs administrative 

duties to leave the hospital. The reactive strategy proposed in this study was previously explained in section 4.2.4, 

what distinguishes this strategy from the hospital’s is that it considers all possible insertions and the least impact 

in the OF. 

 

The hospital's strategy in absenteeism scenarios consist of three options, the first is to verify if any caregiver 

assigned to the shift (morning or afternoon) did not have a route to attend, then he/she would cover the missing 

caregiver’s route. In the event that all caregivers were assigned to a route, it is then evaluated if any of them ends 

their route before their shift finishes and can fulfill the other route within their and the visit’s time windows. If 

neither of the two cases occur, the third option corresponds to assign the route to the caregiver who oversees the 

HHC administrative area.  

 

The reactive strategy proposed for this case study when absenteeism occurs, consists of four actions. The first 

two actions correspond to the ones implemented by the hospital, first verifying if a caregiver was not assigned to 

a route, and if that is not the case verifying if the route that is being reallocated fits in any of the other caregiver’s 

shifts. If none of the mentioned above is possible, the caregiver who is assigned as backup in this schedule is 

required to replace the absent caregiver as a third strategy. Finally, if the caregiver who is assigned as backup is 

also absent, the last option is to assign the route to the caregiver who is in charge of the HHC administrative area, 

as a hospital requirement this resource should not be used as it implies interrupting administrative duties to cover 

this absence. When the NSP schedules the monthly shifts, the nurses are notified of their designated shifts as 

backups, assigning more backup shifts to those who have less hours assigned in that month's planning, in order 

to balance working hours. On the other hand, the hospital's strategy does not take into account this balance of 

hours, causing overloading on the administrative caregiver in cases of high absenteeism. 

As mentioned above, this section seeks to evaluate the performance of reactive strategies developed in this study 

by comparing them to the hospital’s current strategies. For this reason, the hospital’s and the new strategies results 

shown in tables 6 and 7, consider the same initial solution of shift assignments that corresponds to the one 

generated by the NSP modeled in the study and the VRP initial routing proposed. 

The tables 6 and 7 are divided into the two problems addressed by the study, NSP and VRP, presenting different 

hospital’s and this study’s results indicators for the months of April and May. 

Regarding absenteeism’s preventive approach, for both scenarios, three different indicators where evaluated. The 

Gap increment represents, as a percentage, the increment in the difference between the number of shifts assigned 

to the caregiver with the highest number of shifts and the one with the least amount, throughout the month by 

each method. The Adm. Caregiver route time corresponds to the total hours that the caregiver in charge of the 

administrative duties of HHC in the hospital, is required to leave the hospital to attend visits. As it was previously 

mentioned, allowing the Adm. Caregiver to leave the hospital is considered the last option and should be avoided 

if it is possible. The last NSP indicator to evaluate is the Adm. Caregiver worked hours, this corresponds to the 

total hours worked by the administrative caregiver in the month.  

For VRP, two indicators were evaluated, both after implementing the reactive strategies to the initial solution in 

response to insertions of new visits. The first indicator corresponds to the increment of the total route’s duration 



in the month and the second one represents the increment of time windows penalties after each strategy was 

implemented. 

 
Table 5. Average variable’s values in the replicates 

 
Table 6. Optimistic scenario comparison  

 
Table 7. Pessimistic scenario comparison 

 

The hospital’s gap increases at a higher rate in both months for both scenarios, meaning that they are 

overburdening some caregivers more than others when absences occur. Although it was previously observed that 

the hospital’s solution was not distant from the optimum in the NSP, it was evidenced that not having a preventive 

strategy to respond to absenteeism, ends up affecting the initial workload balance. In the pessimistic scenario, the 

hospital's gap in both months worsens in greater proportion with respect to the optimistic scenario, demonstrating 

the impact of implementing a preventive approach.  

Since the hospital does not have preventive strategies for absenteeism, the need to appeal the last option to cover 

absences is evident, as shown by the increase in the number of hours worked by the administrative caregiver spent 

in route attending visits. Therefore, an increase is observed in her/his working hours in functions that do not 

correspond to her/his duties. In the pessimistic scenario for the month of April, the administrative caregiver spent 

14.6% of her/his working hours on route while in the month of May she spent 13.2% compared to 0.9% and 1.2% 

respectively in the strategy of this study. 

Given the insertions in the optimistic scenario, shown in table 6, in both months it is observed that although the 

total duration of the routes does not increase by a significant percentage either strategy’s implementation. The 

penalties’ increment is at least twice in the hospital strategy compared to our strategy. This indicates that the 

reactive approach of this study prioritizes the time windows for patients and caregivers, while also achieving 

shorter total travel times.  



The pessimistic scenario also shows that the hospital's penalties increase more than twice as much compared to 

this study’s strategy; however, since there are a greater number of insertions, the magnitude of the increase has a 

greater impact on the penalties. In the month of May these increase by 91% compared to 40%. 

5. Graphical user interface 

An application was developed with a graphical user interface (GUI), in order to make more effective and efficient 

the scheduling and the routes assignment for the department head nurse. This tool allows the head nurse to make, 

download and consult monthly shift assignments schedules and to schedule weekly routing. To design it, web-

based technologies were used as HTML (HyperText Markup Language), CSS (Cascading Style Sheets) and 

JavaScript, also Python with Flask was used for the server, ensuring that the technological tool achieves the 

proposed objectives. 

The proposed tool for NSP has one main function, it sheds an Excel with the monthly shift schedule for the nurses, 

using a preventive approach for absenteeism with back up nurses that are shown for both morning and evening 

shifts. For this module is required to enter the parameters that are requested to run it. VRP module has two main 

functions, the first one is to solve the routing problem, these by uploading an Excel file with the parameters that 

were set earlier, and the other performs rerouting in case of cancelations or insertions of patients. Additionally, 

when the unexpected events happen, a pop-up window will ask to enter the parameters required for cancellations 

and insertions. Appendix 2 contains the interaction diagram for the utilization of the NSP and VRP modules 

respectively.  

The execution time varies depending on the instance of the parameters that are established for each month. The 

average execution time to run the NSP program is one minute and ten seconds, and for VRP, just the metaheuristic, 

the time execution is five seconds, but it was proved that is worth it to take into account the variability of travel 

times given its impact on the solution, determining that the execution time is one minute and thirty seconds 

implementing the semiheuristic. Significantly, the time can vary depending on the computer memory, therefore 

it is recommended to run the program on a computer that has an 8Gb memory or higher, these in order not to 

increase the time execution.  

It is important to consider that the success of the system depends on the interface’s efficiency, usefulness, and 

user satisfaction. It can be understood that the user interface is not the system itself but is what the user sees of 

the system. In general, any system that allows interaction between itself and its user can be considered to have a 

user interface. (Catalán Vega, n.d.) 

 

User satisfaction could be defined as the "ability of the interface to interact with the user in a pleasant way. This 

"pleasant way" can be evaluated in terms of the user's attitude towards the interface. There are many ways to 

measure user satisfaction. It can be done either by directly asking the user if he/she would recommend the interface 

or if he/she has found working with it satisfactory, or a short survey can be developed with statements in the form 

of a Likert scale (Nielsen, 1993).  

 

The concept of "usefulness" refers to the degree to which a product helps the user to get a task done and achieve 

his goals. The objective of the interface will always be to help the user: an interface that does not meet this 

condition can be considered useless. (Catalán Vega, n.d.) 

Efficiency is about the user having a good impression of the system and recognizing that the system helps him 

achieve his objectives in an accurate and faster way. (Catalán Vega, n.d.) 

 

To evaluate user satisfaction, efficiency, usefulness, and a survey was conducted with the hospital's administrative 

nurse. Question 1 to 6 correspond to user satisfaction, questions 7 to 15 correspond to efficiency and question 16 

to 19 correspond to usefulness.   

 



According to the responses given by the hospital´s administrative nurse, on the user satisfaction section it is 

evidenced that the user’s interaction with the interface is easy to understand and it has the necessary features to 

solve the problems addressed. About the efficiency section the user establishes that the interface is clear in all its 

aspects and the language that was used was appropriate. In terms of entering the data, the nurse considers that the 

interface allows to enter all the necessary data to make the shift assignment and the creation of the routes. Finally, 

regarding the usefulness section, the user agrees to use excel tool to obtain the results and thinks that they 

successfully solve the NSP and VRP.  Regarding how her productivity at work will be affected by the 

implementation of the program her position is neutral. This opinion is expected to change as they successfully 

implement the tool over a longer period of time. The survey’s questions and answers are contained in Appendix 

3. 
 

As an opportunity for the project’s continuity, it was recommended by the hospital´s administrative nurse, to work 

on the connection of the application with each nurse´s email so they can receive their corresponding assignments. 

6. Conclusions  

Initially mathematical models were developed for the nurse scheduling and Vehicle Routing Problems for Home 

Health Care service. The NSP model presents a multi-objective approach that includes two objective functions, 

the first includes the relationship between the maximum allowed legal shifts determined by the hospital and the 

number of shifts assigned, considering the hours accumulated in the past and the second related to the caregiver's 

shift preferences during weekends and requested days off.   This mathematical model provides the planning of 

the caregivers’ shifts in a one-month planning horizon. To address the multiobjective problem the epsilon 

constraint method was used, in order to find a balance between the two OF proposed. The gap indicator 

demonstrated that in 43% of the evaluated months the method finds optimal results for both OF, for the remaining 

months the method prioritized the OF related with workload balance finding the solution that fits caregiver's 

availability.  

When comparing the workload balance provided by the NSP model and by the hospital´s schedules in the past, it 

was observed that in 3 out of the 6 months compared, the hospital as well as the model achieved to find the optimal 

solutions. However, for the remaining months, the hospital moves away from the optimum assignment by an 

average of 45% proving that it is not always possible for the planner to balance working hours. Currently the 

planner does not use any automated tools for the assignment and does not consider nurses preferences, which are 

part of the main advantages of implementing the NSP model proposed.  

This paper presents a preventive strategy for absenteeism by assigning a backup caregiver for each shift in the 

monthly scheduling. This back status is notified to the caregivers in advance. In the event a caregiver is unable to 

attend a shift and no caregiver assigned for that day can perform the route, then the backup caregiver would be 

able to perform the shift. The mathematical model chooses to balance the number of shifts assigned among the 

caregivers, which implies that the total of assigned shifts and backup shifts should be as close as possible among 

the caregivers. 

Their current reactive strategy, according to the tests performed, assigns an average of 8 additional work hours in 

the month to the administrative caregiver in order to cover the absences in an optimistic scenario (around 7 

absences in the month). Whereas, in a pessimistic month where there are around 16 absences, the preventive 

strategy that assigns buck up shifts has a greater impact. The hospital's reactive approach assigns an average of 

20 additional work hours to the administrative caregiver and unbalances the initial assignment of shifts. While 

the preventive approach manages to assign in average only 2 additional hours. The proposed preventive approach 

allows the hospital to evenly distribute backup shifts without assigning additional burden to the administrative 

caregiver, maintain workload balance after absences and notify staff in advanced about their back up shifts’ 

assignment.  



On the other hand, the VRP model minimizes total route durations in the week in order to reduce transportation 

costs, the model is based on the shift schedule provided by the NSP and intends to schedule visits within their 

time window. The model was unable to find feasible solutions within 2 hours for problems with over 160 visits 

in a week, therefore it was only implemented to make comparisons in small and medium size instances. 

To address the deterministic version of VRP a Tabu Search metaheuristic was developed, implementing the travel 

times between every pair of nodes as the average of the ranges obtained by google maps. To this study´s 

knowledge, in the literature Google Maps has not been used to address Vehicle routing problems. This resource 

allowed the present study to obtain updated travel time forecasts for a specific day and time in the future, giving 

the problem a more realistic approach. The results showed that the Tabu Search metaheuristic beats the 

mathematical model´s results reducing computational time by a 99.67% in all instances, and even finding feasible 

solutions in 10 seconds for the large instances where the model fails to find feasible routes in up to 2 hours. In 

small instances where it was possible to make comparisons with the optimal solutions, the metaheuristic 

demonstrates an outstanding performance by being only around 5,8% above of the optimal OF.  

For the stochastic version of the VRP, a simheuristics was used, where the variability of times between each arc 

of nodes was evaluated, in order to include traffic related uncertainties within the program. The simheuristic 

obtained the best OF values followed by the metaheuristic and the hospital´s solution. Regarding the OF penalty, 

the simheuristic approach presented a middle ground performance between the number of visits that had a time 

window violation and the average time each visit was attended out of the time window, in comparison to the tabu 

search and the hospital’s performances. The implementation of the simulation for a hospital`s standard month 

(60-70 patients) allows the VRP to be solved in 1 min 30 seconds, taking more time than the metaheuristic but 

achieving a 5% reduction of the objective function by considering stochastic travel times.   

Regarding visits insertions, the proposed reactive strategy evaluates all possible insertions in the existing routes 

and assigns it to the route that causes the lowest OF increase, while the hospital´s planner approach is to insert 

the visit in the first feasible route or assign it to administrative nurse. It was evidenced that the hospital´s current 

insertion strategy does not increase the total duration time significantly compared to the proposed strategy in 

neither of scenarios (optimistic and pessimistic), obtaining duration times around 1.5% higher. However, the 

impact of the reactive strategy falls on the time window penalty. In an optimistic scenario (7 insertions in the 

month) the penalty obtained by the hospital is on average two times bigger than the penalty obtained by the study’s 

strategy, and 3 times bigger in a pessimist scenario (12 insertions in the month). This indicates that the reactive 

approach of this study prioritizes the time windows for patients and caregivers, while also achieving shorter total 

travel times. Considering the nature of the problem, in the healthcare context complying with visit’s time window 

is vital since it can directly affect patient’s health 

Finally, the graphical user interface was validated with the administrative nurse from the hospital in study to 

measure the interface’s efficiency, user satisfaction and usefulness, a survey was applied for this purpose. Four 

modules were created, the first called “staff” where the planner can provide all parameters about each nurse: days 

available, requested days off, weekend shift preference, accumulated hours from past months, requested days off 

and requested days on vacation when it applies. In the second module “shifts” the planner can create types of 

shifts and update its specifications when required. A third module to upload visit’s information (address, day and 

time of visit) to create the initial routes for the planning horizon. And a final module called “Route’s updates” 

was designed for the planner to introduce information about new patient´s insertions, visit’s cancelations and 

nurse`s absences. Both the monthly schedule and the initial routes are stored in 2 excel files, since it is the 

technological tool used by the hospital and familiar to the planner. 

During this study, limitations related to the limited recording of information and systematization of the hospital's 

processes were identified. There was no detailed information on the changes to their initially planned routes, 

which would have allowed them to identify if there were more reasons for rescheduling in addition to the 

acceptance of new patients into the program.  

 



For future studies, the possibility of forecasting the number of patients in the month could be evaluated, in order 

to estimate the personnel demand, also including a higher number of caregivers and a greater number of specialties 

to be considered by the NSP problem. It is also possible to evaluate the variability of service times in order to 

differentiate the types of services that can be attended in HHCS and include them as another stochastic variable 

when generating routes. In addition, evaluating different change operators for the VRP metaheuristic could bring 

new opportunities to model a solution with a greater performance. Different heuristics from Tabu Search could 

also be implemented to compare and identify an improved solution. Regarding patient’s satisfaction, continuity 

care constraints could be added to the VRP method to ensure that each patient is attended by the same caregiver 

if possible. 
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