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Mines Saint-Étienne, Univ. Clermont Auvergne
CNRS, UMR 6158 LIMOS
Center for Health Care Engineering
F - 42023 Saint-Étienne FRANCE

ABSTRACT
Respite care is a new service to decrease burnout risk of caregivers. Hospitalization related to caregivers
burnout are costly and should be avoided. Pre-identification of caregivers with severe burnout is crucial
to better manage respite care services through smart admission policies and health resources management.
In this article we propose a mixed machine learning and agent-based simulation for respite care evaluation
taking into account smart admission policies. Results show that neural networks approach demonstrate
best results for burnout prediction and allows a significant decrease of undesirable hospitalizations when
used as decision aid for admission control.
1

INTRODUCTION

1.1 Context
New healthcare processes such as ambulatory care (Roure et al. 2015) or hospitalization at home (Rodrı́guezVerjan et al. 2013) have proven effective to decrease hospital crowding and improve quality of care. A
large part of care are given at home and relatives are solicited to assist the care recipient with his/her
everyday treatment. However, caregivers have many commitments towards the patient and are vulnerable
to severe burnout.
In France recent investigation entitled “Avenir Focus” related to caregivers revealed that eight million
people are in charge of relatives who are sick. Respite of caregivers becomes a major priority. This
is the challenge of the “France Répit” organization to promote and develop respite in France. Respite
resources remain limited compared to the potential caregivers demand. Management of such services is
complex regarding forward-looking caregivers demand and limited respite resources constraints. Respite
services management must take into account emergent caregivers (extremely exhausted) who have the
highest priority in the system. If undetected, they may not be admitted and will be taken into care in
traditional hospitalization which should be avoided at all costs. To tackle this problem, future demand from
emergent caregivers should be taken into account.
This research is supported by the “France Répit” organization and aims at developing respite care in
France. In particular, a new dedicated respite care service will open late 2018 and will admit exhausted
caregivers and/or care recipients.
1.2 Literature Review
In a previous work (Batata et al. 2017) a first agent-based model was proposed to evaluate respite
services impact. Indeed, each entity of the system was considered as an agent (caregiver, respite service,
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hospital). This study allowed to validate the positive impact of respite care service over two dimensions
(i) the caregiver’s burnout and (ii) the total cost of respite care and hospitalization. However, the demand
forecast from caregivers agents was not taken into account in the respite service management. To extend the
previous agent-based model, we need to build a prediction model for caregiver’s burnout. Little research was
conducted on prediction of caregivers burnout. Most of existing studies focus on risk factors determination
of caregiver’s burnout. In (van Exel et al. 2004) authors aim to develop a diagnosis tool to detect a
caregivers at risk. The study was conducted over 148 caregivers whose patient’s disease was cancer. In
the Netherlands over 212 caregivers of stroke patients (van den Heuvel et al. 2001) were solicited to
determine risk factor of burnout. To the best of our knowledge, no study related to burnout prediction or
emergent caregiver profiling could be found. Consequently, respite services management is difficult taking
into account the stochastic demand of caregivers. Machine learning approaches have been widely used in
numerous fields, particularly in healthcare with application of classification or regression (Yue et al. 2016).
For burnout prediction supervised learning methods seem particularly interesting.
1.3 Scientific Contribution
The scientific challenge tackled in this paper is twofold: (i) Development of an effective supervised machine
learning approach to predict caregiver burnout, and (ii) Performance evaluation of a smart admission policy
using the aforementionned machine learning approach for respite services management through an agentbased simulation approach (Batata et al. 2017).
The remainder of the paper is organized as follows. Section 2 provides the problem description.
Section 3 describes the machine learning approach and the collected data. The agent-based simulation
implementation is described in Section 4. Numerical results are presented and discussed in Section 5.
Conclusions and perspectives are given in Section 6.
2

PROBLEM SETTINGS

2.1 Dynamic Burnout Model
Definition 1 (State Model) The caregiver’s burnout state is defined by a Markov chain having a set of
states S = {Normal, Emergency}:
•
•

state Normal means the caregiver can deliver care to his/her patient;
state Emergency means the caregiver reached a severe burnout situation and cannot deliver care to
his/her patient anymore.

Definition 2 (Caregiver Entity) A caregiver entity as described in Figure 1 is defined by the 4-uple
c = (A, P, r, s):
•
•
•
•

A = {a1 , ....., an }, n ∈ N, is the list of caregiver’s attributes;
P = {p1 , ....., pm }, m ∈ N, is the list of patient’s attributes;
r ∈ {0, 1} is the respite status of caregiver, r = 1 if the caregiver is in respite, r = 0 otherwise;
s ∈ S is the caregiver’s current burnout state in the Markov chain.

Definition 3 (Transition Matrix) The states defined previously in the Markov chain constitute a matrix
whose transitions probabilities are characterized by the empiric distribution extracted from collected data.
M = [PNN , PNE , PEN , PEE ] is a Markov chain transition matrix:
•
•
•
•

PNN :
PNE :
PEN :
PEE :

probability that caregiver stays in state Normal;
probability that caregiver transits from state Normal to state Emergency;
probability that caregiver transits from state Emergency to state Normal;
probability that caregiver stays in state Emergency.
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The system dynamics is intrinsically linked to the caregivers pathway. Indeed, the pathway of each
caregiver depends on (i) his/her burnout evolution and on (ii) the amount of respite care delivered to the
caregiver. The main challenge of this study consists in demonstrating how respite care impacts caregivers
pathways. Without respite care, the caregiver’s pathway follows a natural burnout evolution which can be
modeled using the transition matrix: a significant duration without respite care means the caregiver has a
greater probability to move to an Emergency state (i.e. severe burnout).

Figure 1: Caregiver Entity.

2.2 Respite Care Process
The pathway of each caregiver is influenced by provided respite care. When a caregiver benefits respite,
he/she is considered in respite for a certain duration and goes back to the Normal state.
2.2.1 Respite Frequency
The need of respite care can be formally considered as respite frequency of caregiver. This frequency
depends of his/her burnout level (Normal or Emergency) and the attributes of the couple (caregiver/patient).
However, a caregiver whose state is Emergency needs more respite than a caregiver in Normal state.
Moreover, based on clinicians’ expertise, respite care is prescribed to the caregiver in a regular way
and according to its burnout level: once a week for a caregiver in normal state, and twice a week for a
caregiver in emergency state.
2.2.2 Respite Duration
After accepting the request of a caregiver for respite care, a respite duration is calculated according to the
state of the caregiver. A caregiver in Emergency state can benefit a longer duration than a caregiver in
Normal state. During respite care, the caregiver’s burnout evolution is shutdown according to the set of
states S, and its status r is switch to 1 which means “In respite”.
2.2.3 Respite Impact
At the end of respite care, respite impact depends on the caregiver’s burnout level before he/she took respite.
Caregivers in Normal state with respite care can be maintained more time in the normal state. Caregivers
previously in Emergency state switch to the Normal state.
Caregiver’s state Emergency means respite care cannot be avoided. If respite services are saturated,
such request cannot be satisfied; in that case, the patient is hospitalized to allow the caregiver to get some
rest. This situation should be avoided: from a patient point of view, hospital is highly unadapted and the
caregiver will not be able to benefit respite in good conditions. Finally, cost of hospitalization if high.
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2.3 Respite Services Management
2.3.1 Classical Respite Services Management
The classical respite services management is based on the requests of the caregivers and their burnout
states. Formally, according to the respite frequency, each caregiver has a certain probability to be accepted
or rejected in the respite service. We can categorize two situation according to the caregiver’s burnout state:
•

•

Caregiver in Normal state: According to the respite service frequency, then the request of the
caregiver can be accepted or rejected. If the request is accepted, admission of the caregiver depends
on the availability of respite resources. If respite resources are available, respite care can occur.
Otherwise, the caregiver will be in standby and will have to wait.
Caregiver in Emergency state: The caregiver whose state is Emergency also depends to the respite
frequency of the service and respite resources. However, if the respite request is rejected for any
reason, the caregiver will be sent to the hospital. Cost of hospitalization is higher than respite care
and should be avoided as much as possible.

Finally, According to the available resources of the respite service, the caregiver will be accepted or
rejected. If the respite service is full, then the caregivers request will be rejected. However, if the caregiver
rejected is in emergency he/she go to hospitalize his/her patient, else, the caregiver will be in waiting to
the respite care.
2.3.2 Smart Respite Services Management Using Machine Learning
The respite service admission control policy can be significantly improved thanks to machine learning.
Precisely, by accepting several requests from caregivers with Normal state, available respite resources will
be reduced. As a result subsequent requests from Emergency caregivers will be rejected, leading to several
patients hospitalizations.
Using machine learning, requests from caregivers in Normal states can be managed differently to
optimize respite resources. Indeed, the machine learning can predict the next burnout state of caregiver
from the current state and parameters (attributes of caregiver and patient). In the case the next state is still
Normal, the caregiver does not need respite care urgently and can wait. If the output of machine learning is
the Emergency for the next time period it is preferable to accept the caregiver’s request to avoid a potential
hospitalization in the future.
Figure 2 describes management strategies depending on caregiver state. For all requests from caregivers
in an emergency state (process in the middle), admission in a respite service is done if possible, otherwise
admission in made in a hospital. For all requests from caregivers in a normal state, two management
strategies are possible: (i) for classical management (top process in the figure), caregivers are admitted if
enough respite resources are available; (ii) for smart management (bottom process in the figure), machine
learning approach is used to admit only caregivers that will change state in the future. In the latter, respite
resources are reserved for caregivers that may quickly evolve to an emergency state.
3

MACHINE LEARNING FOR BURNOUT PREDICTION

3.1 Data Description
The “France Répit” organization collected data during six months through an online survey involving 2,000
caregivers. Predictive variables are divided into referential data which were collected only once (Age,
Gender, Social Status, Salary...) and varying data which were collected each month (Patient’s health state,
Quality of life of caregiver, Exhaustion of Caregiver, Duration of informal care per night...). Finally, the
caregiver’s burnout (binary target variable) was also collected over six months (Normal state/Emergency
state).
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Figure 2: Respite management.
Since the target variable (burnout of caregiver) was evaluated 6 times during the survey (one time per
month), it is possible to use the state of the caregiver/patient couple at each period to predict the burnout
of caregiver for the next period. The learning set is made of predictive variables for each caregiver/patient
couple and for each period: for n surveyed caregiver/patient couple, we then have 6 × n predictive variables
data set for learning.
3.2 Formal Machine Learning Modeling
In our problem, the caregiver’s entity was introduced with several parameters, some parameters are static as
the patient’s age or pathology, and some others are dynamic as health state of caregiver. In the following,
the caregiver’s burnout is defined by two states Emergency and Normal. To perform the respite services
management, we need an effectiveness prediction of the caregiver’s burnout state. In machine learning,
the output prediction categorizes the machine learning problem. In our problem, the prediction challenge
is binary Emergency or Normal, formally, we have binary classification problem.
The machine learning method takes as input the attributes of the caregiver and her/his patient (dynamic
and static parameters), and its current burnout level as input data. After the classification process, the
machine learning method returns the caregivers burnout state for the next period.
To formalize the machine learning method, we introduce data of the caregiver/patient couple as follows:
let D = {X,Y } be a data set, X is a matrix (n ∗ m), n is the sample size (number of caregivers) and m is
the number of predictive features. Then, Y is a vector with size n containing the target data to predict
(caregiver’s burnout state).
Definition 4 (Binary classifier) The binary-classifier can be defined as a function f that takes as argument
the predictive data noted X and returns one of the possibles class of the target data Y = {0, 1}, where 0
means caregiver with “Normal” state and 1 for emergency caregiver.
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∀i ∈ [1, n], f : Xi → f (Xi ) = yi

with yi ∈ {0, 1}

3.3 Burnout Prediction Benchmark
Several classical machine learning methods were trained and tested using caregivers/patients collected data.
Classifier evaluation is a crucial step before incorporation in the control process admission of the respite
service. We considered four popular measures (Sokolova and Lapalme 2009) to evaluate each classifier:
Accuracy, Precision, Recall, and F1-score. The data set noted D defined in Definition 4 was partitioned in
K-fold with K = 5 (Rodriguez et al. 2010). Table 2 shows the cross-validation with defined measures for
the following classifiers: Decision Tree (DT), Gradient Boosting Classifier (GBC), K-Nearest Neighbors
(KNN), and Neural Networks (NN), The setting parameters of each machine learning model was described
in the Table 1. Results will be further discussed in Section 5.
Table 1: Hyperparameters of machine learning.
Machine learning
models
GBC

Hyperparamerts

Values

loss
criterion
n estimators
max depth
min samples split
min samples leaf

“deviance”
“friedman mse”
100
3
2
1

KNN

n neighbors
metric

5
“minkowski”

DT

criterion
min samples split
min samples leaf

“gini”
2
1

NN

hidden layer sizes
activation
alpha
max iter
solver

100
“tanh”
0.0001
200
“adam”

Table 2: Machine Learning benchmark.
Classifier
GBC
KNN
DT
NN

Accuracy
0.55
0.55
0.55
0.65

Measures
Precision
0.43
0.76
0.76
0.65
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Recall
0.67
0.67
0.67
1.00

F1score
0.52
0.52
0.52
0.78

Batata, Augusto, and Xie
4

PERFORMANCE EVALUATION THROUGH AGENT-BASED SIMULATION

4.1 Data Used for Simulation
The data provided from online survey also used for our simulation model. Indeed, the simulation model
focus about caregiver agent whose the burnout state is modeled by Markov chain. To build the transition
matrix we need all data over 6 months of burnout state.
From the caregivers distribution over burnout states (Normal, Emergency), based on the formula of
(Baum, Petrie, Soules, and Weiss 1970) we can extract the transitions probabilities between the states;
Normal and emergency for each period during the 6 month of the survey.
4.2 Agent Based Simulation (ABS)
In a previous study (Batata et al. 2017) an ABS was used for respite services performance evaluation. The
current work proposes a simulation based on the same set of agents. Each entity of the system is considered as
autonomous agent. We note the set of agents Ag, where, Ag = {Caregiver1 , . . . ,Caregivern , RespiteService,
Hospital}. To describe each agent of a simulation, we consider the simulation’s time horizon H is
decomposed into elementary time periods, such as: H = {1, ....,t, ..., |H|}.
4.2.1 Agent Caregiver
The behavior of each caregiver agent can be described by the transition matrix introduced in Section 3: for
any time period t ∈ H, according to the transition matrix the caregiver transit from current burnout state
to the next state. Then without interaction with respite service agent the caregiver can trace its pathway
based on the transition matrix.
4.2.2 Agent Respite Service
The respite service agent manages the requests coming from the caregivers agents. The possible action
for respite service is to “accept a caregiver’s request” or “reject caregiver’s request”. Their action are
influenced by its resources in one hand, and the caregiver’s burnout state in the other hand.
4.2.3 Agent Hospital
The hospital agent accepts all request of caregivers since it has unlimited resources. Generally, the caregiver
agent whose state in “Emergency” address their request to the hospital in the case of rejection from respite
service agent.
4.3 Smart Respite Service Agent
Using the burnout prediction approach described in the previous Section, the respite management of respite
service agent becomes smart and preventive. Indeed, for each request from a caregiver agent whose state
is “Normal”, the respite service agent uses the binary classifier f defined in Definition 4. According to the
output of classifier f the request will be accepted or not. The procedure is detailed in Algorithm 1.
5

NUMERICAL EXPERIMENT

5.1 Simulation Scenarios and Key Performance Indicators (KPI)
ABS is used to evaluate respite service impact. We propose two respite service management scenarios:
(i) a smart respite services management based on machine learning method, and (ii) a classical respite
service management without machine learning. The appropriate key performance indicator is the number
of patients hospitalizations. Indeed, the objective of smart respite service management is preventive: we
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Algorithm 1 Smart respite service management procedure.
INPUT:
A = {1, . . . , a, . . . |A|}: population of agents
H = {1, . . .t, . . . |H|}: simulation horizon
INITIALIZATION:
for all a ∈ A do
Randomly assign a state to a among {Normal, Emergency}
t ←0
PROCEDURE
for all t ∈ H do
for all a ∈ A do
Update current state of a
The agent a presents respite request
if State of a is Emergency then
Respite request of a is accepted
else if State of a in the time t+1 is Emergency then
Respite request of a is accepted
else
Respite request of a is rejected
try to avoid the emergency situation by accepting the requests from caregiver whose state in the next time
period will be “Emergency” leading to the patient hospitalization.
5.2 Simulation Parameters
Our ABS has the following population of agents: (i) 2,000 agents caregivers; (ii) 1 agent respite service
whose resources is set to 100 beds; and (iii) 1 agent hospital with unlimited resources.
Replication length is 6 months, by considering the day as time slot. After discussion with various
health practitioners, we fixed respite frequency in respite service once a week for a caregivers whose state is
“Normal”, and twice a week for emergency caregivers. In our simulation the respite frequency is introduced
as uniform distribution set once or twice a week for each caregiver, formally the uniform distribution is
between 0 and 1, for each day if the probability is less than 1/7 (one a week for caregivers in normal state)
or 2/7 (twice a week for emergency caregivers) then the caregiver’s request will be accepted according to
the respite service resources. Respite duration varies uniformly between 1 and 7 day(s) for all caregivers
and hospitalization duration varies uniformly between 2 and 4 weeks.
To compare both scenarios (with or without machine learning for admission control policy), we need
to ensure a statistical validity over the ABS results. For each respite service management we replicate
500 simulations to ensure a confidence interval at 95%. Then, with consistent replication number, we can
compare both strategies and highlight machine learning impact without bias.
5.3 Numerical Results
For each classifiers (DT, GBC, KNN, NN) we propose simulation experiments with both scenarios (with
or without machine learning for admission control policy). Then, we evaluate and compare scenarios
according to our KPI “Number of hospitalizations”.
5.3.1 Gradient Boosting Classifier (GBC) and K-Nearest Neighbors (KNN) Experiments
The confidence interval of of each scenario is reported in Figure 3 for GBC and in Figure 4 for KNN. In
Table 2, GBC seems to be the least relevant of the four classifier, particularly over recall measure (0.43).
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Experiments results in Figure 3 confirms that GBC is inefficient to improve the control policy: the red
curve (with GBC incorporation) for most time periods does not demonstrate any positive impact, and for
some time periods (weeks 7 and 8) the classical respite service management (without machine learning)
is better. Similar results are obtained for KNN in Figure 4 for which Scenario 2 is not significantly better
than Scenario 1.

Figure 3: Experiments results with GBC incorporated.

Figure 4: Experiments results with KNN incorporated.
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5.3.2 Decision Tree (DT) Experiments
The statistical validity of the results for each scenario can be observed in Figure 5. Scenario 2 with smart
respite service agent based on DT classifier achieves significantly better results than Scenario 1. Indeed,
for some time slots, the scenario 2 with DT classifier allows to avoid up to 10 hospitalization. In Table 2
the performance of DT and KNN is the same, but DT demonstrated better adaptation with respite service
agent and requests of caregivers.
5.3.3 Neural Network (NN) Experiments
The last experiment considers the NN classifier which demonstrates good results: in Table 2 the recall
measure reaches 1. The recall measure aims to reduce false negatives (the caregiver will be in “Emergency”
state but the classifier predicts “Normal” state). In our case study, ensuring prediction with minimum false
negative is important. Best results for admission control policy are confirmed in Figure 6, with a significant
number of avoided hospitalizations. For example, in week 10 NN allowed to avoid 15 hospitalizations.

Figure 5: Experiments results with DT incorporated.

6

CONCLUSION AND FUTURE RESEARCH

In this paper, we proposed an original simulation approach including smart admission control policy based
on machine learning to evaluate impact of respite services. Neural Networks demonstrate the best results
both for burnout prediction and for admission control policy. The mixed machine learning and agent based
simulation allowed to describe and evaluate realistic respite service management using a burnout diagnostic
tool. Results obtained by the Neural Networks incorporation encourage the perspective to optimize machine
learning to get better prediction.
The performance of agent based simulation mixed with machine learning depends on caregiver’s state
model (Markov chain) and prediction provided by classifier. Indeed, the Markov chain was build empirically
with only burnout data without considering attributes. Then, the machine learning model based its prediction
over all attributes of couple (caregiver/patient).
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Figure 6: Experiments results with NN incorporated.
Future works of the the present paper are the following. First, the caregiver’s state model based
on Markov chain will be improved, the transitions probabilities should consider all attributes of couple
(caregiver/patient). Also, the benchmark shall be extend to other machine learning and mix them with
agent based simulation. We plan discussions and meeting with health-care practitioners to elaborate more
complex scenarios scenarios and other Keys Performance Indicators (such as the size of queues in respite
services, caregiver’s quality of live).
REFERENCES
Batata, O., V. Augusto, S. Ebrahimi, and X. Xie. 2017, Dec. “Performance Evaluation Of Respite Care
Services Through Multi-Agent Based Simulation”. In 2017 Winter Simulation Conference (WSC),
M.Rabe, A. A. Jyan, N. Mustafee, A, Skoogh, S. Jain, and B. Johansson, eds., 2904–2916: IEEE Press.
Baum, L. E., T. Petrie, G. Soules, and N. Weiss. 1970. “A Maximization Technique Occurring In The
Statistical Analysis Of Probabilistic Functions of Markov Chains”. The Annals of Mathematical Statistics 41(1):164–171.
Rodriguez, J. D., A. Perez, and J. A. Lozano. 2010. “Sensitivity Analysis Of k-Fold Cross Validation In Prediction Error Estimation”. IEEE Transactions on Pattern Analysis and Machine Intelligence 32(3):569–575.
Rodrı́guez-Verjan, C., V. Augusto, X. Xie, and V. Buthion. 2013. “Economic Comparison Between Hospital
At Home And Traditional Hospitalization Using A Simulation Based Approach”. Journal of Enterprise
Information Management 26(1/2):135–153.
Roure, M., Q. Halley, and V. Augusto. 2015, Dec. “Modelling And Simulation Of An Outpatient Surgery
Unit”. In 2015 Winter Simulation Conference (WSC), L. Yilmaz, W. K. V. Chan, I. Moon, T. M. K.
Roeder, C. Maca!, and M. D. Rossetti, eds, 1525–1536: IEEE Press.
Sokolova, M., and G. Lapalme. 2009. “A Systematic Analysis Of Performance Measures For Classification
Tasks”. Information Processing Management 45(4):427 – 437.
van den Heuvel, E. T., L. P. de Witte, L. M. Schure, R. Sanderman, and B. M. de Jong. 2001. “Risk
Factors For Burn-out In Caregivers Of Stroke Patients, And Possibilities For Intervention”. Clinical
Rehabilitation 15(6):669–677.

2678

Batata, Augusto, and Xie
van Exel, N. J. A., W. J. S. op Reimer, W. B. Brouwer, B. van den Berg, M. A. Koopmanschap, and
G. A. van den Bos. 2004. “Instruments For Assessing The Burden Of Informal Caregiving For Stroke
Patients In Clinical Practice: A Comparison Of CSI, CRA, SCQ And Self-Rated Burden”. Clinical
Rehabilitation 18(2):203–214. PMID: 15053130.
Yue, X., H. Wang, D. Jin, M. Li, and W. Jiang. 2016, Aug. “Healthcare Data Gateways: Found Healthcare
Intelligence On Blockchain With Novel Privacy Risk Control”. Journal of Medical Systems 40(10):218.
AUTHOR BIOGRAPHIES
OUSSAMA BATATA is a Ph.D. Student at the Center for Health Engineering at Ecole Nationale Superieure
des Mines de Saint-Etienne (ENSM.SE), France. He received his Master in Operational research from the
Universit Paul Sabatier de Toulouse (UPS) in 2016. His research interests include applications of modeling,
simulation and optimization in health care systems. His email is oussama.batata@emse.fr.
VINCENT AUGUSTO received his Ph.D. in Industrial Engineering from Mines Saint-Etienne, France, in
2008 and the Habilitation Diriger des Recherches degree from the University of Saint-Etienne, France, in
2016. He was a visiting scholar at CIRRELT (Centre Interuniversitaire de Recherche sur les Rseaux dEntreprise, la Logistique et le Transport), University of Laval, Quebec, Canada in 2009 and 2015. Currently, he
is a professor of industrial engineering in the Department of Health care Engineering at Mines Saint-Etienne.
His research interests include modeling, simulation, optimization of health care systems and their supply
chains, process mining and machine learning applied to health-care. His e-mail address is augusto@emse.fr.
XIAOLAN XIE received his Ph.D degree from the University of Nancy I, Nancy, France, in 1989, and the
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