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ABSTRACT: Nowadays, emergency departments are confronted to exceptional events such as epidemics problems or
health crises. These situations increase the patient flow. The consequence of this influx of patients has resulted in
problems of ED overcrowding which often increases the length of stay of patients (LOS) in EDs and leads to strain
situations. To cope with such situations, ED managers must predict the LOS. In this paper, we propose a model for
predicting the patient length of stay (LOS) in ED using data mining techniques. The used data was collected from the
pediatric emergency department (PED) in Lille regional hospital centre, France. Our target is to illustrate with a real
world case study, how data mining can be benefit to predict LOS and which its limitations.

KEYWORDS: data mining, emergency department, classification, prediction, length of stay.

1 INTRODUCTION The remainder of this paper is organized as follows
Section 2 describes the problem. Section 3 sumemriz
Nowadays, with the growing demand for emergency the current data mining techniques and their apptios
medical care, the management of hospital emergencyin healthcare systems. Section 4 presents the agipro
departments (EDs) has become increasingly importantused in this work applied to our study case. Sacfio
The management of patient influx is one of the most discusses obtained results. Finally, section Geresithe
crucial problems in EDs throughout the world (Kaelri ~ main conclusions in this work and exposes the @ersp
al., 2014).To deal with this influx of patients, emer- tives of the study.
gency departments require significant human andemat
rial resources, as well as a high degree of coatidin 2 PROBLEM DESCRIPTION
among human and material elements (Kadri et al.,
2014a; Kadri et al., 2013). Unfortunately, thessoteces Emergency departments are confronted to exceptional
are limited. The consequences of this influx ofigrats events due to seasonal epidemics (in winter: inftag
have resulted in problems of ED overcrowding (Batle colds, gastroenteritis, bronchiolitis, etc., in suoer:
al., 2012; Kadri et al., 2014b). This latter in@es the  trauma), health crises... These events can cause stra
length of stay of patients in EDs which lead tolemze situations when disequilibrium between the caredloa
of angry patients against staff, patients leave Ef® flow (demand) and the care production capacity gs0p
without being treated, reduced access to emergencys observed. The management of patient flow in such
medical services and increase in patient mortality situations is one of the most important problemsima
(Sprivulis et al., 2006). aged by ED managers. To handle this influx of pasie
emergency departments require significant human and
Thanks to information and computerized hospitag th material resources, but these are limited. To omfr
data produced by emergency departments (EDs)llis sti these situations and face theses constraints, emsrg
increasing. With the use of data mining techniqités departments have no choice but to adapt.
possible to extract interesting and useful knowdéedgd
regularities which may be used as a tool for denisi To help manager to resolve this problem (Farid Katlr
making in such establishments, in order to resportde al., 2014b) propose a decision support system. @ne
needs of ED managers in their daily decision making the principle part is to Prevent and predict strsitna-
activities. The aim of this study is to see how wanuse tions with a predictive model. They identify andvdip
data mining techniques and particularly classiftcat  ten relevant indicators validated by profession@ise of
methods to develop models for prediction of pasient the important indicators is the length of stay dedi as
length of stay (LOS) at the emergency department. the time between when the patient completes thiir a



ministrative registration at the ED and their dege
(departure) from the ED. In strain situations, LS

Walczak and Scharf (2000) used artificial neuraivoek
to predict the quantity of transfusion units that ae-

creases considerably and causes violence of arayry p quired by surgical patients for a specific operatidhe

tients. Thus, the estimation and prediction of pagent
length of stay (LOS) is important to detect theibemg
of strain situations to help systems to react tthsitua-
tions. It helps or managing patients and interreal r
sources in EDs, and predict sufficient hospitaiorat
capacity downstream.

Our purpose is to see how data mining models aid te
nigues can be used to predict LOS indicator anahvhi
limitations of such approaches.

3 RELATED WORK

Koh and Tan (2005) present a data mining as avebat

results show that artificial neural networks arpatde of
reducing the overall quantity of blood units ordefer
operations. Thus, the artificial neural network$eofa
means to reduce patient costs while maintaininggh h
level of patient care.

Chae et al. (2003) used a decision tree to analyze
healthcare quality indicators in order to devela@ldy
improvement strategies. The authors identified ithe
portant factors influencing the inpatient mortaligngth
of stay, disease classes, discharge departmerntsagn
groups. The results provided cumulative statisthcst
show how the authors found the inpatient mortality.

recently developed methodology and technology, com-Kraft et al. (2003) are the first to use nursinggtiosis

ing into prominence only in 1994 (Trybula, 1997). |
aims to identify valid, novel, potentially usefuhnd

and neural networks to predict the length of sthpa
tients with spinal cord injuries. Four types of rau

understandable correlations and patterns in data bynetworks were developed for building predictive misd

combing through copious data sets to sniff outepast
that are too subtle or complex for humans to detect

for length of stay: dynamic network, prune network,
multilayer perceptron, and radial basis functiotwoek.

this paper, authors explored data mining applioatio The results show that the radial basis functiorwogt

within healthcare in diverse areas involving: eailbn model neural network was selected as the best model
of treatment effectiveness, management of heakhcar

customer relationship management, and detection ofWalsh et al. (2004) used artificial neural netwerisem-
fraud. This review shows that data mining has beenbles to predict the disposition and length of staghil-

largely applied in the hospital sector to providseful
information to improve hospital establishment eéfic
cy. Milovic (2012) mentioned data mining applicaiso
for a variety of healthcare areas, such as dogthosuse
patterns by measuring clinical indicators, qualitgtica-

dren presenting to the Emergency Department with
bronchiolitis. The results show that the neuraloek
ensembles correctly predicted disposition in 81%esf
cases. The authors concluded that artificial nenest
work ensembles can predict disposition for infaautsl

tors, customer satisfaction and economic indicators toddlers with bronchiolitis; however, the predictiof

performance of physicians from multiple perspedite
optimize use of resources, cost efficiency and gsieci
making based on evidence, identifying high-riskiqras
and intervene proactively, optimize health care, et

More recently, Esfandiari et al. (2014) preserdece-

length of hospital stay is not as good.

To illustrate a data mining application in healttedoh
and Tan (2005) used the decision tree to find awt h
certain variables are associated with the onseliaife-
tes. The purpose of this healthcare data minindiGpp

view study, including papers published between 1999tion is to identify high-risk individuals. The rdigishow

and 2013, in the context of medical data miningliapp

that age is the most important factor associatell thie

tions. Five data mining approaches were considered:onset of diabetics.

classification, regression, clustering, associatiand
hybrid.

In this section, the literature review is focusead the
supervised classification approaches. It refersuper-
vised methods that determine target class valuanef
seen data. It is used to identify profiles of cfsssn
terms of their attributes. The most popular supei
classification algorithms in medical data minings&a
on the literature (Esfandiari et al. 2014) are cisien
tree (DT), multi-layer perception type of artificiaeural
network model (MLP), support vector machine (SVM)
and naive bayes (NB).

Liu et al. (2006) applied decision trees and n&agesi-

an classifiers to a geriatric hospital dataset rideo to
predict inpatient length of stay. Results show that/e
Bayesian models performed better in comparison with
the C4.5 algorithm of decision tree. So, applyirva
Bayesian imputation models to handle a considerable
amount of missing data can greatly increase th&sitla
cation accuracy of predicting length of stay.

De Toledo et al. (2009) used decision trees tectasido
build a model of outcome prediction for subaractnoi
hemorrhage that makes the knowledge discovered from
the data explicit and communicable to domain espert
The algorithms used in this paper were C4.5, fasi-d
sion tree learner, partial decision trees, nearegthbor



4 DATA MINING BASED PROCESS: A CASE
OF STUDY

with generalization, and ripple down rule learngéom-
pared to other algorithms, the C4.5 obtained thst be
results

Lille Regional Hospital Centre (CHR-Lille) servesuf
Delen et al. (2009) built a classification modehtmlyze million inhabitants in Nord-Pas-de-Calais, a regobmar-
the healthcare coverage using artificial neuralvoets acterized by one of the largest population derssitie
and decision trees. The developed model was used tdrance (7% of the French population). The paediatri
predict if an individual has healthcare coveragenor emergency department (PED) is open 24 hours amtdy a
based on the specific information’s about socio- receives 23 900 patients a year on average. Beiiles
demographic and lifestyle, and the importance & th internal capacity, the PED shares many resources s

various factors in the classification model. Theutts
indicated that the most accurate classifier fos thie-
nomenon was the multi-layer perception type ofiarai
neural network model.

Aljumah et al. (2013) used data mining techniques t
discover patterns that identify the best mode editment
for diabetes across different age groups. In thislys
predictions on the effectiveness of different tneet
methods were elucidated using a support vector imach
algorithm. These results indicated that dietarattreent

is more effective for patients in the old age gralban
patients in the young group.

Different applied methods and application fielde ar
summarized in table 1.

M ethod Reference  Application field
Chae et al. ldentify factors influencing
(2003) inpatient mortality
Koh and Find variables associated
with onset of diabetes to
DT Tan (2005) ;qentify high-risk individuals
De Toledo Build a model of outcome
et al. (2009) prediction of subarachnoid
' hemorrhage
Walczak  Predict quantity of
and Scharf transfusion units required by
(2000) surgical patients
Predict length of stay of
ANN ggg;t al. patients with spinal cord
injuries
Walsh et al Predict length of stay in
(2004) " children presenting
bronchiolitis to ED
DT Delen et al Predict if an individual has
" healthcare coverage
ANN (2009)
Aljumah et Predict the effectiveness of
SVM al. (2013) treatments of diabetes
NB Liu et al. Predict inpatient length of
(2006) stay of geriatric patients

Table 1: Classification algorithms applied in
healthcar e systems

as administrative patient registration and cliniedlora-
tories, with other hospital departments. In thigdgtthe
data mining based approach is presented in theefigu
and applied to predict the patient’s length of sthyhe
PED.

Data base 2012

PED
Information
System

Data Collection

Data set description

Data Pre-Processing

Y aYa

X—
)

Training Data l

Build data mining model(sD

+

Model(s) Evaluation )

Yes
(Use model for prediction)

Figure 1: General architecture of the proposed
approach

4.1 Data Collection

The first step of the proposed approach is theactidin
and the preparation of the data. This step is ceegpof
several sub-steps: (1) data sources are locatedssad,
and selected. (2) Selected data is put into a aalfal-
mat in which instances and variables take places
and columns, respectively (Giudici, 2005).

Our study case was conducted utilizing a dataset
extracted from the database of PED of CHR-Lille thes
target is to predict the patient’s LOS in straitugiions,



a winter period from January to March 2012 inclgdin
6135 records is selected.

4.2 Data set Description

The aim of this step is the description of the skta
identified in previous stepLet Q = {wi, @y, ..., @}
denote the set of objects taken into account fertitiin-
ing. Each objecty; is described by a set of variablég
Xa..., X, called descriptive variables or exogenous vari-
ables. The value taken by a descriptive variakjlés
called modality or value of the attribute of an individ-
ual w;. An attributeC, called class variable or endoge-
nous variable, is associated with every individwal C
takes its values in the set of classes= {c;, C,,...,
cm(Atmani and Beldjilali, 2007).

Consider our case of study to predicting the LOhat

e Classc; (LOS < 289 minutes): represents the
short length of stay (LOS);

e Classc; (289 < LOS < 432 minutes): represents
theaverage LOS,

e Classcz (LOS > 432 minutes): represents the
long LOS,

The last class is the most interesting for prediciar-
ticularly for to detect strain situations in PED.

After the description, the data set is separatedwin
subsets:
e Training data (90% of records): is used to build
a prediction model by applying a data mining
methods;
» Testing data (10% of records): is used to evalu-
ate the resulting model and to test the accuracy
of predictions.

PED. This problem can be described by 12 exogenous; 3 pata Preprocessing

variablesXy, X, Xs, X4, Xs, Xe, X7, Xa» Xo, X100 X115 X12
and detailed in table 2.

Exogenous

variables Signification Description

Patient arrival time at the

X1 Arrival time PED (hour of day)
Xo Arrival mean Arrival mean of patients
Orientation of patient at
X3 Orientation the end of emergency
management
X4 Age Age of patients
Xs Sex Sex of patients
Clinical classification of
Xe CCMU emergency patients
called CCMU (1-6)
If the patient had an
X7 Echography echography
Xe Scanner If the patient had a
scanner
. If the patient had a
Xo Radiology radiology
. If the patient had a
X0 Biology biology test
X11 Diagnostic Diagnostic of patients
Multicentric Emergency
X1z GEMSA Department Study Grou

called GEMSA (1-6)

Table 2: Exogenous variables, signification and
description

Each individual is associated with a cl&sorrespond-
ing to the LOS using a descretized method in WEKA
tool. A set of classe§ = {c;, ¢,, c3} is obtained accord-
ing bounds:

Real-world data may be incomplete, noisy, and istnn
tent, which can disguise useful patterns. Thus,pites
processing step is required to generate quality dat
improve the efficiency of data mining models (Zhaaig
al., 2003). First, anomalies are removed and daigic
records are eliminated. Then, numeric attributes ar
discretized by cutting its range of values in at&imum-
ber of intervals. After that, a classifier subsealaator
(Hall, 1999) is used to select attributes. It eatds the
predictive ability of attributes preferring setsatfributes
that are highly correlated with the class. The fiett
many attributes depend on one another often unduly
influences the accuracy of prediction models (Kaotss,
2007). For our case of study, the open sourceWska
(Witten and Frank, 2005) to do this step. Weka t®la
lection of data mining algorithms and data pre-
processing methods for a wide range of tasks. €heltr

of this step is very important because we defirge st

of data that will be used in the remaining steps.

4.4 Build classification M odels

In this step, in order to find and select the bmstels,
we applied diverse supervised classification
techniques to the training data. As presented pusly,
the most popular classification algorithms of daiaing
applied in healthcare based on the literature se€:u
« Naive BayesNB) and BayesNet ;
e Support vector machine learn&/\) ;
< Decision tree algorithms includingd3, C4.5,
REPTree, BFTree andPART. 1d3 and C4.5. are
the most well-know algorithms in the literature
for building decision trees; REPTree is a fast
decision tree learner whereas PART is a rule
induction algorithm and BFTree is best-first de-
cision tree learning.



All these algorithms are available in Weka tool.
45 ModelsEvaluation
In this step, the testing data is used in ordevalaate

the chosen model(sThe information discovered in the
modelling is evaluated to assess its utility arizhlbdity.

5 RESULTSAND DISCUSSION

The valuation of models is carried out using 1@fol
cross validation on the PED data set. It is basedhe
partition of the original sample into ten subsarmaple
using nine as training data and one for testing.dbhe
cross validation process is then repeated ten tinits
each of the ten samples, averaging the results fhem

To obtain reliable results, the extracted knowledge ten folds to produce a single estimation (De Toleto

should be evaluated by a comparison of resultsirdda
with various supervised classification methods asidg

al., 2009).

several measures (Dunham, 2006). Performance evaluaTable 3 shows the performance of the predictionetsd

tion of classifiers can be measured by hold-outdoamn
sub-sampling, cross-validation and bootstrap (ES&an

obtained with each classifier in terms of accurgogci-
sion, recall, kappa statistic, and ROC Area.

et al.,, 2014). The most common method is the cross

validation (Browne, 2000). Furthermore, performance
measures can be used to analyze predictive mddedy.
based on four values of the confusion table (Fid)te
true positives TP), false positivesKP), true negatives
(TN), false negatived=N).

Observed

False

(TP)
True Negative

False
(TN)

Figure 2: Format of confusion table

True

True True Positive

Predicted

Five performance measures are used:

e Accuracy: is a rate of correct classification de-
. TP+TN
fined by———F-—
TP+TN+FP+FN
* Precision: is a rate of true positive classification
. TP
defined by

TP+FP

» Recall: is the evaluation and ranking of each
sample based on positive class define(}jﬁ%

» Kappa statistic: measures the agreement of pre-
diction with the true class labels. A score value

P c
3 O 44 (@]
3 |8 |8 |g% |88
< & x YH | X<
NB 78.463 0.76 0.785 0.351 0.829
BayesNet 78.286 0.763 0.783 0.360 0.83
SVM 79.942 0.725 0.799 0.237 0.609
1d3 72.291 0.758 0.784 0.3 0.691
PART 78.576 0.742 0.786 0.298 0.778
C45  79.701 0.748 0.797 0.282 0.706
REPTree 78.945 0.724 0.789 0.210 0.728
BFTree 79.170 0.739 0.792 0.245 0.735

Table 3: Performance evaluation of LOS prediction
models

The maximum accuracy score equal to 79.942 is ob-
tained by SVM and the lowest one equal to 72.291 is
obtained by Id3. The maximum kappa score belongs to
0.36 with BayesNet while the lowest kappa score be-
longs to 0.210 with REPTree. The highest precision
score again belongs to BayesNet (0.763). Furthermor
we can see that the recall was slightly better \8itf.

The maximum score of ROC Area belongs to 0.83 with
BayesNet and the lowest score is for SVM (0.609%)- A

of 1.0 signifies complete agreement, and a value cording this result, BayesNet and SVM give the best
greater than 0 means that the classifier is doingresults for the performance measures.

better than pure random behavior (Azari et al.,
2012).

 ROC: gives the trade-off between true positive
rate defined by}% (recall) and false positive

rate defined b);% for a given model (Han et
al., 2011).

If the evaluation results are not enough perfornihren
the process is resumed from the data pre procestpg

Let us define th&/indicator (i,j): is the value of the indi-
catori /fAccuracy, Precision, recall, Kappa statistic,
ROC area} for the modefj Z{NB, BayesNet, SVM, 1d3,
PART, C4.5, REPtree, BFTree}. Figure 3 gives the com-
parison of all models according tfateOfMax (i) and
defined by:

Vindicator(i,j)
RateOfMax (i) =

MaijSetofModels (Vindicator (l']))



plete this study and response to such questias,irh-
portant to involve professionals in the whole dataing
80% - Y process.

100% -

60%

6 CONCLUSION

40%
In this paper, we presented an approach basedpan-su
vised classification methods in order to predict pa-
0% : : : , , tient length of stay at the pediatric emergencyadep
Accuracy Kappa Precision Recall ROC ment in Lille regional centre, France. We descriltesl
statistic Area necessary steps that should be taken to preprecess
prepare the data set. After that, we tested andbaced
the performance of experiment results with différen
classification methods. The results indicated that
PART =~ «=@==(C4.5  ==@==REPTree ==@==BFTree BayesNet and NB give the best results. However-deci
sion tree methods obtain comparable results and can
Figure 3: Rate of maximum successfully be suitable for the prediction of gaits
length of stay. This latter, may help EDs manaders
their daily decision making activities.
The results show that BayesNet and NB give the best
result according all performance measures. HowBMer  This study illustrates the benefit of classificatimeth-
models are for the most, more than 80% closer ¢o th ods to make PED management System more proactive
maximum. The conclusion is that decision trees give face to strain situations. However some limitatiomsst
comparable results compared to NB and BayesNet. Inpe taken into account. Some perspectives can bsdzon
this case, we preferred decision trees becausedf®y ered. First, additional data set must be considerat
reputed to be several orders of magnitude fast@n th new experiments must be conducted. Second, ottiar da
neural networks and support vector machine. mining methods must be tested with a larger dataset
order to extract knowledge’s and to build modelat th
As shown by results, this study can be benefit BDP  may help PED managers in decision making in the-man
manager to predict LOS and detect the beginning ofagement of PED activities. Finally, professionalasm
strain situation. This information can be used taken be involved in the process to give the know|edgd an
the decision more proactive. However as presemed i jnformation about the domain.
Koh and Tan (2005), this study presents some limita

20%

= NB el BayesNet =iy SVM =@ |d3
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