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Abstract. This work is a case study intended to explore the capability of three forecasting techniques
to predict emergency department (ED) visits based on Major Diagnostic Categories. It is a part of a
larger work aimed to improve ED patients’ throughput time. The ED in this case is considered as a part
of the health chain and the process of arrival and departure of patients are included. The prediction
models presented in this work are initially established and validated from the historical 3-year emergency
room visits at Sherbrook University Hospitals and uses the week as the period unit. Given that resources
are consumed differently for each disease, a group of patients has been considered according to the major
diagnostic categories (MDC). Three predictive models of the number of visits are considered and compared:
linear regression model, SARIMA and multivariate SARIMA. The accuracy of the prediction models is
evaluated by calculating the mean percentage error (MAPE) and the mean absolute error (MAE) between
forecast and observed data. The medium term forecasting model for the number of admissions is determined
according to the estimated admission ratio for each patient group, while the short term model is established
according to a regression model based on age groups. SARIMAX offers the most accurate model with a
MAPE ranging from 6% to 49% (group of a small number of visits). Twelve of the twenty-seven groups
of patients account for nearly 90% of the total of emergency room visits and the weighted mean average
percentage error (WMAPE) stands at 8%. The admission rates for each group of patients is based on
Gauss’ distribution and is different from one group to another. For many MDCs, strong correlations can
be demonstrated between the admission rates and the patient age groups by using a quadratic regression.
The prediction models explored in this paper aims to help managers to plan more efficiently the emergency
department resources. The models can also be used to plan resources of other hospital departments since
they give information about the number of admitted patients for each MDC.
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1 Introduction

The resources of the emergency department (ED) are some
of the most difficult of all departments to schedule because
of the complexity of its processes, the exposure to diversity
and the nature of care requests. For several decades, we
have observed phenomena of overcrowded ED and exten-
sion of waiting time for patients. These phenomena make
it more difficult for governments and hospitals to provide
good care services that are effective, safe and equitable to
all citizens.

Three factors can be considered as the source of the
overcrowding in the ED: input factors, throughput factors
and output factors. Input factors consist in the number of
patient visits and the distribution of those visits over time.
Throughput factors are often associated with inefficiencies
in resource management such as personal care and beds.
Finally, output factors refer to the admission process and
the hospital capacity to hospitalize new patients.
� Correspondence: abdeljelil.aroua@uqtr.ca

The biggest challenge for hospital managers resides in
providing the necessary resources to meet the demand for
care and in maximizing their efficiency. Thus, good mod-
els created to predict the number of ED visits and their
dispositions are important tools that can help managers
to make the right decisions.

This work aims to compare three prediction techniques
for ED visits that will be useful to managers, by providing
a better understanding of the number of visits and the
number of patient admissions, and by providing input data
for scheduling, simulating and queuing theory works in
order to optimize ED resources.

2 Literature review

The prediction of patient visits and overcrowding in the
EDs has received considerable attention in recent year due
to the common desire to achieve a more efficient plan-
ning of the resources and to improve patient flow. Several

Article published by EDP Sciences

http://dx.doi.org/10.1051/ijmqe/2015011
http://www.edpsciences.org


204-p2 International Journal of Metrology and Quality Engineering

authors have addressed the problem of time series analy-
sis and others have forged links between different related
information sources.

Moreover, the prediction of patient visits has been
treated in several ways; some authors have studied dif-
ferent techniques for predicting patient visits (all health
problems combined), while others have focused on pre-
dicting the number of patients based on certain types
of health problems (respiratory problems – Alexander
G. Perry [1], abdominal problems – Sadeghi et al. [2],
pediatric patients – Walsh et al. [3], etc).

Under the assumption that the bottleneck of the whole
patient treatment system is the admission process [4], au-
thors limited their researches by forecasting the number
of patients admitted and not the number of patient visits
to the ED [4,5].

2.1 Prediction of ED visits: analysis of time series

Several approaches and mathematical models have been
proposed in the literature to forecast the demand for emer-
gency care based on time series analysis and linear models,
using variables of different types.

Abraham et al. [6] have established different fore-
casting models: moving average forecasting model, sim-
ple exponential smoothing forecasting model, and models
of auto regressive integrated moving average (ARIMA)
or seasonal auto regressive integrated moving average
(SARIMA) models. In their study, the time variables were
used as explanatory variables.

Wargen et al. [7] proposed a general linear model for
predicting ED traffic in the region of Paris, using explana-
tory variables such as time (days, months, holidays).

Chen et al. [8] have used an ARIMA involving variables
such as climate (temperature, humidity, level of rain) to
estimate the number of patient visits classified in three
different groups; traumatic, non-traumatic and pediatric
visits.

The simultaneous use of temporal variables (day,
month, season) and other variables, such as climate (tem-
perature, humidity, precipitation, etc.), in forecasting
techniques has aroused the interest of several researchers.
Hye Jin Kam et al. [9] and Sun et al. [10] even improved
the model by dividing patients in three acuity levels.

Table 1 summarizes the main literature on forecasting
techniques of ED visits.

2.2 Prediction of ED visits: using related information
sources

The idea of exploiting related sources of information to
be translated into meaningful information is not new.
This technique is often used in the construction field in
which the knowledge of the number of sites that had per-
missions can help creating a sales forecasting of prod-
ucts and services related to a given sector. Similarly, in
the health sector, and specifically for emergency visits,
Perry [1] showed the possibility of using the number of

calls received by “Telehealth Ontario” to draw a predic-
tion of ED visits for patients suffering from respiratory
problems.

2.3 Prediction of the number of admitted patients:
time series analysis

Many authors believe that improving the flow of emer-
gency patients is a direct consequence of reducing the
patient waiting time in the admission process. They fo-
cused their researches on understanding and estimating
the number of admitted patients. The techniques used
and encountered during the literature review can be find
below.

Several authors [5, 11, 12] have used the techniques of
time series analysis in their work to predict the number
of admitted patients. Boyle et al. [5] provided a model
with a MAPE of 11% for daily admission. Abraham [6]
noted an unpredictable fact for medium and long term
admitted patient number and the techniques used are only
appropriate for a horizon of less than one week.

2.4 Prediction of the admitted patient number:
opinion of health professionals

Making predictions at the triage on whether a patient
presents high probabilities to be admitted or not has been
the subject of several studies that considered that, at this
stage of the patient treatment, such information can help
in making appropriate decisions that could limit emer-
gency overpopulation. Peck et al. [13] demonstrated that
such techniques can predict the number of patients ad-
mitted based on the number of ED visits. In their study,
they compare different prediction methods, using different
prediction factors such as the age, the arrival method, the
acuity level and the primary complaint of the patients.
Moreover, at the triage stage, the reactivity of the system
is limited and the decisions are of an operational type and
on very short terms. Table 2 summarizes the literature on
the modeling of emergency admitted patients.

3 Methodology

Why trying to model the ED visit process? The answer is
simple: “To make future forecasts for a better planning of
the resources in order to meet the demand for emergency
care”. Of course, estimating the total number of patient
visits per time unit allows emergency managers to plan
the deployment of the necessary resources to meet the de-
mand. However, this process has its limits since the quan-
tity of resources consumed varies from a patient to an-
other; for example an admitted patient will consume more
resources than a non-admitted one (Ministry of Health
and Social Services of Quebec [14]).

Modeling the number of patient visits to the ED by
grouping the patients into categories based on their health
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Table 1. Summary of forecasting models for ED visits.

Autors Input variables Output variables Models Results Limitations Regions

Wargen

et al. [6]

Holidays

Weekdays

Months

Trend

ED visits (Hist.)

ED visits (Hist.) General linear

model

MAPE = 5.3% No info about the

number of admis-

sions waiting for

beds.

France

Cheich-Fan

Chen

et al. [8]

Weather temperature

(Average, min, max)

Relative humidity, rain,

Stock index fluctuation,

ED visits (Hist.)

ED visits (Hist.) ARIMA MAPE = 5.73% ∼
21.18%.

Region of study:

influence of some

socio-economic

factors not

included.

No info about the

number of admis-

sions waiting for

beds.

Taiwan

Hye Jin Kam

et al. [9]

Months

Weekdays

Holidays

Chuseok

Seasons

Temperature (average

max, min and diff)

Rain, snow, wind speed,

relative humidity and

yellow dust

ED visits (Hist.)

ED visits (Hist.) General linear

model

SARIMA

SARIMAX

MAPE(GLM) =

11.2%

MAPE(SARIMA −
UV) = 8.48%

MAPE(SARIMA −
MV) = 7.44%

No info about the

number of admis-

sions waiting for

beds.

South Korea

Yan Sun

et al. [10]

Months

Weekdays

Holidays

Temperature

Relative humidity

PSI (Pollutant Stan-

dards Index)

ED visits (Hist.)

ED visits (Hist.) ARIMA MAPE(total) =

4.8%

MAPE(AcuityP1) =

16.8%

MAPE(AcuityP2) =

6.7%

MAPE(AcuityP3) =

8.6%

Prediction of ED

visits for each

acuity level but

no info about the

number of ad-

missions waiting

for beds.

Singapore

Spencer

et al. [12]

Days, Holidays,

Months

Maximum temperature

Interactions

ED visits (Hist.) SARIMA

Regression SC

Regression SC

with climatic

variables

Exponential

smoothing

Neural network

Good precisions

for auto-regression

models.

No info about the

number of admis-

sions waiting for

beds.

Analysis limited

to one region

United

States

Hoot

et al. [24]

ED visits (Hist.)

Visiting frequency

ED visits (Hist.) Simulation

tools for fore-

casting.

Good precision for

2 hours horizons.

Many simplify-

ing assumptions

were made in the

process of

Application of

the Forecast

United

States

problems instead of simply considering the number of pa-
tient visits (any health problems combined) offers several
advantages:

a- It explores the seasonal and evolutionary charac-
ter of each health problem. In the Ancient Greece,
Hippocrates observed that during fall, diseases are
the most acute and the most deadly in all and that
spring is the healthiest and the least deadly of all

seasons. In his Aphorisms, Hippocrates noted many
correlations between the occurrence or severity of vari-
ous diseases and the climate, seasons and temperament
of men. In modern times, several authors have studied
the seasonal and evolving nature of diseases over time
(Nelson [15] – Seasonal variation of rheumatic diseases,
Schlesinger [16]), a character that differs from one dis-
ease to another, and which correlations can be shown
with time and climatic variables.
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Table 2. Summary of forecasting models for admitted patients.

Autors Input variables Output variables Models Results Limitations Regions

Schweigler

et al. [11]

Number of beds occupied

at the ED

Emergency occupied

beds.

AR

MA

SARIMA

SARIMA:

CIA = −281 ± 27

Log − likelihood =

144 ± 13

AR:

CIA = −305 ± 27

Log likelihood =

158 ± 14

Model limited

to 24 hours

United States

Boyle

et al. [5]

ED visits and admitted

patients (Hist.)

Number of admitted

patients

ARIMA

Exponential

smoothing

MAPE = 11% (ad-

mission)

MAPE = 7% (vis-

ite)

No informaiton

available on the

given health

care category

United States

Abraham

et al. [6]

ED visits (Hist.) Number of admitted

patients

AR

SARIMA

MAPE(AR) = 7%

(1 day)

MAPE(AR) = 9%

(7 days)

MAPE(ARIMA) =

5% (1 day)

MAPE(ARIMA) =

8% (7 days)

Australia

Peck

et al. [13]

ED visits, Arrival

method, Acuity level,

Fast track, Patient health

problem.

Number of admitted

patients

Näıve Bayes

applied to in-

put variables.

VA bayes

Sensibility = 53.48

Specificity = 91.41

Short term pre-

dictions

United States

b- The health care process also differs from one disease
to another. Indeed, the treatment for a patient suffer-
ing from a heart condition does not require the same
resources than a patient with a simple flu. In addi-
tion, the proportion of patients admitted depends on
the nature of the health problems that brings them
to the ED. For example, according to the data from
the ED of the hospitals Fleurimont and Hôtel Dieu in
Sherbrooke, the probabilities that a patient suffering
from a circulatory disorder problem is admitted is sta-
tistically more important than a patient with an ear
or nose disorder (proportion test: p = 0.377 vs. 0.039
(P value = 0.000)).

c- Finally, knowing the number of patients admitted
for each health problem group allows the hospital
to better plan its hospitalization resources. This in-
formation has a direct and positive impact on wait-
ing time at the emergency; many authors agreed
that the transfer process for admitted patients is
often the bottleneck of the whole process of
the ED [6,17].

Consequently, the difficulties reside in modeling the num-
ber of patient visits to the ED (Nkt) and the number of
admitted patients (Akt), suffering from a health problem
of group k during the period t.

According to “Le guide de gestion de l’unité
d’urgence” [14], the method used to calculate the resource
needs differs for each type of resources. For example,
the required number of emergency stretchers implies a

linear function of the number of patients admitted and
non-admitted, and this number can be calculated by us-
ing the formula (1). For the number of nurses needed,
the ratios have been defined either to guarantee a certain
rate of patients (e.g. time sorting mean between 5 and
10 min per patient), or to ensure a good service by setting
a maximum number of patients treated by a nurse (e.g. 4
to 5 stretchers not monitored by a nurse).

Then the required quantity of the resource r for
period t is Qrt, and is expressed as:

Qrt =
∑

k

[qa
rk.Akt + qna

rt . (Nkt − Akt)] , (1)

where:

Qrt: Required quantity of resource r for period t.

qa
kt : Required resources r for period t in order to meet

the demand for the care of a patient admitted with
a health problem of group k.

qna
kt : Required resources r for period t in order to meet

the demand for the care of a non-admitted patient
with a health problem of group k.

Nkt: Total number of patients visiting the emergency
for period t and suffering from a health problem of
group k.

Akt: Total number of patients admitted for period t and
suffering from a health problem of group k.
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Table 3. Major diagnostic categories.

MDC Description

0100 Nervous System
0200 Eye

0300 Ear, Nose, Mouth And Throat
0400 Respiratory System
0500 Circulatory System

0600 Digestive System
0700 Hepatobiliary System And Pancreas
0800 Musculoskeletal System And Connective Tissue
0900 Skin, Subcutaneous Tissue And Breast

1000 Endocrine, Nutritional And Metabolic System
1100 Kidney And Urinary Tract
1200 Male Reproductive System
1300 Female Reproductive System

1400 Pregnancy, Childbirth And Puerperium
1500 Newborn And Other Neonates (Perinatal Period)
1600 Blood and Blood Forming Organs and

Immunological Disorders
1700 Myeloproliferative DDs (Poorly

Differentiated Neoplasms)
1800 Infectious and Parasitic DDs

1900 Mental Diseases and Disorders
2000 Alcohol/Drug Use or Induced Mental Disorders
2100 Injuries, Poison And Toxic Effect of Drugs
2200 Burns

2300 Factors Influencing Health Status
2400 Human Immunodeficiency Virus Infection
2500 Multiple Significant Trauma

3.1 Grouping of health problems

The “Major Diagnostic Category” (MDC) is a grouping
method of All Patient Refined Diagnosis Related Groups
(APR-DRG). This technique is used in various countries
to classify episodes of care in homogeneous groups that
presents similar pathologies and treatments equivalent in
cost and length of stay; thus, that consume the same hos-
pital resources. The MDC is mainly determined by the
primary diagnosis and is encoded 00-25 as described in
Table 3.

Working with this grouping approach presents several
advantages. First it consists in groups of health problems
based on the amount of consumed resources to provide
care. Moreover, this method is effective and used by the
majority of hospitals. Also, this grouping technique pro-
vides an interface with the hospital management system.
And finally, estimating the number of patients per MDC
allows to plan not only ED resources but also resources
needed to hospitalize the admitted patients.

3.2 Explanatory variables

The explanatory variables used in this study are of two
types: temporal and climate.

– The temporal variables are the weeks of the year.

– The climate variables are weekly average, maxi-
mum and minimum temperature, weekly temperature
differences, rain and snow.

3.3 Modeling techniques

This study attempts to compare three different forecasting
techniques: linear regression, SARIMA and multivariate
SARIMA applied to each MDC.

a) Linear regression:

Modeling the visits into a linear model aims to highlight
any correlation between the number of patients per MDC
and the predictor variables (p < 0.05). To address the
interaction between temporal and climatic variables used
in this model, the method of partial least square is used.

In a linear model, the number Nkt; visits of patients
belonging to the MDC k for period t can be written as:

Nkt =
∑

i
aik.Xit + εkt, (2)

where Xit is the value of the predictor i at the pe-
riod t and aik the coefficient of the predictor i and εkt
a correction.

b) SARIMA univariate

The number of visits of patients belonging to a MDC k
can be represented by a time series (Nkt):

Nkt = Tkt + Skt + εkt, (3)

where Tkt is the trend component, Skt is the seasonality
component, and εkt is the noise.

ARMA is a stochastic process defined by Box-Jenkins
(1970) that combines the autoregressive and the moving
average processes. This stationary process has been im-
proved to take into account the components of trends
and seasonality. The improved process is referred to by
ARIMA (Auto-Regression Integrated Moving Average),
and denoted by ARIMA (p, d, q) where p is the order of
the autoregressive, d is the of the order of differentiation
and q the order of the moving average.

If Nkt is an ARIMA process, then it is written as
follows:

∇d∅ (B)Nkt = θ (B) εkt, (4)

where ∇d is the operator of differentiation, B an operator
such as Nk,t = B. Nk,t−1, and ϕ and θ are functions of B.

A SARIMA is an ARIMA model with a seasonal com-
ponent. In this case we add other parameters to the
model (4): S, P, D and Q, defining operators and seasonal
variables.

∅ (B)s ∅ (Bs)∇D
s ∇dNkt = θ (B)s θ (Bs) εkt (5)
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Table 4. Age groups.

Groups 1 2 3 4 5 6 7 8 9 10 11 12 13
Ages 00−02 03−05 06−12 13−17 18−24 25−34 35−44 45−54 55−64 65−74 75−84 85−94 +95

c) Multivariate SARIMA

For the multivariate ARIMA, independent variables are
incorporated into the formula (5) to form the multivariate
model ARIMAX.

∅ (B)s ∅ (Bs)∇D
s ∇dNkt = θ (B)s θ (Bs) εkt

+
∑

i

⎛
⎝

Li∑
j=0

βi
t−j.Y

i
t−j

⎞
⎠ , (6)

where Y i
t−j is the independent variable i at period t−j

and βi
t−j the corresponding coefficient.

The time unit to consider will be a period that will sat-
isfy the following conditions: quality of the data for good
decision-making, accuracy of the model and a horizon that
provides time to react.

The records related to epidemic diseases and occa-
sional events in time, such as influenza, will not be
considered in this research because of their unique and
unpredictable characters.

3.4 Number of patients admitted

A model for the number of admitted patients is proposed.
Similarly to the model used to predict the ED visits,
this model relies on a MDC orientated approach. Peck
et al. [13] worked on a model that defines the probabili-
ties of admission for a given patient. Among the predictor
variables, they considered the health problem showed by
the patient at the triage stage. The model they developed
used to predict the number of admitted patients after the
triage step. It aroused our attention because it highlights
the great influence of the health problem nature on the
probabilities for a patient to be admitted.

In this study, we designate the stochastic variable τk

to express the probabilities for a patient belonging to a
MDC k to be admitted and Akt represents the number of
patients admitted. Then Akt is written as:

Akt = τkNkt (7)

where Nkt is the number of ED visits of patients belonging
to a MDC k at period t.

In order to draw the real-time status of an ED (total
number of patients waiting and the number of patients
with potential probabilities to be admitted), this study at-
tempts to identify correlations between the admission rate
and the age group for each MDC k. The age groups are the
same active groups that have been used in the Emergency
management system, and are described in the Table 4.

3.5 Model evaluation

Several types of quality measurement models have been
proposed in the literature. The most popular ones are
the Least squares, mean absolute error (MAE), the mean
absolute error percentage (MAPE) and the mean square
error (MSE).

In order to make a comparison between the models
established in this work and the models developed in the
literature, the MSE and the MAPE are considered and are
expressed as follows:

MSEk =
∑

t

(
Nkt − Ňkt

)2

DL
, (8)

MAPEk =
1
T

T∑
t=1

∣∣∣∣
Nkt − Ňkt

Nkt

∣∣∣∣ . (9)

where Nkt is the number of patient visits observed at pe-
riod t, Ñkt is the estimated number of patient visits at
period t, T is the number of periods and the DL is the
freedom degree.

3.6 Choice of the time unit

The time unit to be chosen for ED visit prediction mod-
els is not unanimous in the literature; some authors men-
tion climate factors and other sociological factors. The
time units often used by authors are the month [8,18], the
day [5–7,9, 10, 12] and the hour [11, 19–21].

Modeling the number of ED visits based on the week
is a field of research that has not been explored enough.
Choosing the week as the time unit for a predictive model
presents two main advantages: it provides enough data to
create analyzable time series and it consists in an ideal
planning horizon for managers. Scheduling for a shorter
period than a week does not allow enough flexibility to be
responsive and to secure the resources needed. This study
explores the variation in the number of visits within a
week, and for each MDC.

3.7 Data sources

The data used in this study come from the information
system of the Centre Hospitalier de l’Universitaire de
Sherbrooke (CHUS). The CHUS includes four EDs and
host all together nearly 87 000 patients each year The data
collected represent nearly 380 000 records for the years
2008−2011.

For confidentiality purposes, the anonymity of the
patients is respected in the database provided by the
hospital, which makes it impossible to identify them.
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Table 5. Prediction models per MDC.

Linear regression SARIMA SARIMAX

MDC MSE MAPE Models MSE MAPE Models Variables (p < 0.05) MSE MAPE

0100 68.2 8.0% (100)(000) 104.3 10.4% (100)(000) NSnow, Wi 132.8 9.2%

0200 24.9 16.2% (111)(000) 36.1 21.2% (111)(000) Tmax, MTmax, NRain 50.6 18.5%

0300 160.9 9.90% (500)(100) 244.5 12.6% (500)(100) NRain, NSnow, Wi 207.1 8.9%

0400 272.8 8.7% (200)(110) 330.3 7.4% (200)(000) Tmax, NSnow, Wi 225 6.9%

0500 135.8 6.8% (111)(100) 189.3 8.4% (111)(100) NRain 156.6 6%

0600 247.0 7.2% (300)(001) 285.6 7.5% (300)(001) NSnow, Wi 344.4 6.7%

0700 10.7 26.3% (100)(000) 14.9 31.5% (100)(000) NSnow, Wi 20.9 29.1%

0800 278.8 6.5% (100)(001) 408.5 8.1% (100)(001) DJC, NSnow, Wi 397.0 6.3%

0900 74.2 12.3% (101)(111) 71.89 12.1% (100)(101) NSnow, Wi 72.16 9.3%

1000 8.6 23.9% (101)(000) 12.7 30.7% (101)(000) DJC, NSnow, Wi 13.11 23.6%

1100 61.4 8.8% (101)(001) 99 11% (101)(001) Tmin, NSnow, Wi 88.2 8.4%

1200 7.8 46.2% (100)(000) 11 64.7% (100)(000) DJC 15.8 49.4%

1300 23.7 14.2% (201)(000) 31.8 17.6% (201)(000) NSnow, Wi 34.8 14.1%

1400 Refers to Childbirths

1500 Refers to Childbirths

1600 16.5 22.0% (101)(000) 22.93 27.5% (101)(000) NSnow, Wi 24.4 21.8%

1700 6.7 40.1% (500)(000) 7.61 48.5% (500)(000) NSnow, Wi 8.4 38.6%

1800 56.5 26.5% (111)(001) 36.18 19% (100)(101) NSnow, Wi 37.5 16.4%

1900 62.2 10.6% (101)(000) 93.4 13.7% (101)(000) NSnow, Wi 90.1 10.4%

2000 4.2 49.2% (111)(001) 6.95 68.2% (111)(001) 7.6

2100 23.7 14.2% (101)(100) 31.5 17.2% (101)(100) NSnow, Wi 15.1 9.2%

2200 4.8 50.8% (111)(000) 6.23 65% (111)(000) 8.6 53.6%

2300 625.0 12.9% (111)(101) 321.6 9.5% (111)(101) W51 324 7.4%

2400 Refers to infections caused by the immunodeficiency virus, rare

2500 179.2 11.0% (300)(001) 265.6 14.1% (300)(001) NRain, NSnow, Wi 252.3 10.6%

Climate data is retrieved from the database of the Na-
tional Archives of climate information and from Canada
Environment: http://climat.meteo.gc.ca.

4 Results

4.1 Analysis of the number of ED visits as time series

Drawing graphs of weekly visits for each MDC shows the
different behaviors and provides relevant evolutionary and
seasonal information. This information will be used to
guide the Box-Jenkins technique to model series.

The MDC 0300 series’ graph which corresponds to the
diseases and disorders of the ear, nose, mouth, throat and
craniofacial bone shows a seasonal pattern for each year
with peaks during the first weeks of the year, which are
explained by the presence of the winter cold in the area of
Sherbrooke during these periods.

This behavior is the same for MDC 0400 series cor-
responding to diseases and disorders of the respiratory
system.

The MDC 0400 series of graphs which corresponds to
the diseases and disorders of the skin, subcutaneous tissue
and breast also shows a seasonal pattern for each year
but with peaks in the neighboring weeks of the week 28,
periods when the temperature is warmer.

4.2 Analysis of predictive models of ED visits

According to Table 5, which summarizes the results of the
analysis, it is difficult to claim that a certain forecasting
model of ED visits is better than another for all the MDCs.
This can be explained by the influence of different tem-
poral and climatic factors on the given disease. Indeed,
the MDCs 0100, 0200 and 2500 are best represented by
linear regression models, while the remaining time series
are best represented by ARIMAX models.

For all the MDCs, the SARIMAX provides better
information than simple SARIMA models. The level
of snow, the maximum and minimum weekly average
temperature and weeks of the year are often factors that
are significant in SARIMAX models.

For models with a small amount of data, such as low
weekly visits (MDCs 0700, 1000, 1200, 1600, 1700 and
2200), none of the three models offers a satisfactory result
with a MAPE beyond 20%.

To compare our method with those proposed in the
literature, the weighted mean absolute percentage error
(WMAPE) was chosen as the indicator of accuracy of
the sum of multiple time series. The MDCs are sorted in
descending order by number of visit means. The WMAPE
which is the MAPE of several different time series at a

http://climat.meteo.gc.ca.
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Fig. 1. ED visits per analyzed MDC.

level i is determined by the following formula:

(WMAPE)i =

i∑
j=1

Nj.MAPEj

i∑
j=1

Nj

, (10)

where

i is the number of considered MDCs (MDCs clas-
sified in decreasing average number of weekly
visits).

Nj is the average number of visits to a MDC with a
ranking j (ranking in descending average num-
ber of weekly visits)

MAPE j is the average percentage absolute errors for
a MDC with a ranking j (descending ranking
average weekly visits).

Figure 2 presents a combined view of the MDCs cumu-
lative average number of weekly visits (in descending or-
der) and the corresponding adjusted average MAPE. Ac-
cording to these graphs, the proposed methodology in this
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Fig. 1. Continued.

book offers a MAPE of 8.7% to 95% of the total number of
patient visits. Although the MDC oriented methodology
offers a total MAPE of less than 10%.

The prediction models were not able to provide a good
accuracy for the MDC 2300 with a MAPE = 9%. The next
MDC is 0500 has a lower MAPE = 6% which helped to
decrease the WMAPE.

4.3 Analysis of the daily number of visits to the ED
during the week

The analysis of variance (ANOVA) applies to the num-
ber of ED visits per day of the week and shows that
the majority of the MDCs do not have equal number
of visits during the different days of the week. Plot-
ting Box Plots graphs show different interactions between
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Fig. 1. Continued.

the number of ED visits and the days of the week. In-
deed, for MDCs such as 0500 (Diseases and Disorders
of the circulatory system), the number of visits during
the weekend days are lower than the numbers of visits
during the weekdays. Whereas for a MDCs such as 0300
(Diseases and disorders of the ear, nose, mouth, throat and
craniofacial bones), the traffic is more frequent during the
weekends.

4.4 Admission rate analysis

4.4.1 Prediction of weekly admission rates

Figure 3 shows that there are significant differences re-
garding admission rates between τk and the MDCs k. The
MDCs with high admission rates are disorders related
to the hepatobiliary system and to heart problems with
respective average admission rates of 60.8% and 64.3%,
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Table 6. Admission rates’s distributions τk per MDC.

MDC Average % Standard deviation Fitted distribution P -value Comments
0100 26.6 5.7 Normal 0.076
0200 4.0 2.2
0300 2.2 1.3 Box-Cox 0.657 Lambda = 1
0400 33.7 5.4 Normal 0.647
0500 37.8 4.9 Normal 0.098
0600 23.3 3.4 Normal 0453
0700 60.8 16.4 Box-Cox 0.190 Lambda = 2
0800 11.9 2.7 Normal 0.831
0900 9.9 4.3 Box-Cox 0.944 Lambda = 0.5
1000 40.6 17.0 Box-Cox 0.396 Lambda = 0.5
1100 20.6 5.7 Box-Cox 0.115 Lambda = 0.5
1200 17.2 9.1 Log-Normal 0.066
1300 10.7 5.9 Gamma 0.200
1400
1500
1600 32.5 12.0 Box-Cox 0.408 Lambda = 0.5
1700 48.9 18.2 Weibull 0.084
1800 25.8 8.9 Normal 0.306
1900 41.6 7.1 Normal 0.328
2000 38.8 17.2 <0.005
2100 14.7 108 Box-Cox 0.807 Lambda = −0.1
2200 26.1 13.9 Johnson Trans. 0.281
2300 14.7 3.3 Normal 0.525
2400
2500 9.1 3.6 Normal 0.081

Hearth prob. 64.3 7.3 Normal 0.425
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Fig. 4. Admission rate intervals.

while health problems associated with disorders of the ear,
nose, mouth, throat and craniofacial bones have the lowest
admission rate with an average of 2.2%.

Analyzing admission rates, Table 7 shows that these
rates can be modeled by different distributions laws
depending on the MDC in question.

4.5 Short term admission rate prediction

This exercise aims to establish a forecasting tool for the
collect of short term data regarding the number of patients
waiting in the ED waiting room with potential possibil-
ities to be admitted. In the studies of Peck et al. [13], a
correlation study was performed for each MDC between
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Fig. 5. Correlations: age groups vs. admission ratios per MDC.

age groups and the weekly percentage of admitted pa-
tients. Figure 5 shows good quadratic correlations (R2 >
87%) between age groups and admission ratios for the
MDCs with more than 85% of total ED visits. Only the
MDCs 1000 and 2200 have low correlation (R2 < 50%).

Managers and staff complain of a lack of visibility
of the Emergency Department status. In this study, we
were able to show some strong correlations between the
admission rate and the combined variables (MDC, Age
groups). This finding could help managers to trace a
real time status of the ED after triage, and then help

the admission departments and specialist doctors to react
efficiently according to the situations.

4.5.1 Limitations and practical considerations

The aim of the proposed models in this paper is to es-
timate the number of patients visiting the ED and the
number of those who will be admitted. The time unit is
the week and not the day as proposed in other works.
Choosing the week as time unit avoid having time-series
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Fig. 5. Continued.

low values that are difficult to treat and also avoid gener-
ating non-accurate models. However the week could also
be too long and not adequate to make short-term sched-
ules (daily). This limitation may be improved by using
weight factors of each day of the week.

In practice, predicting climatic variables over one week
is not an easy task. The use of these variables as predictors
may affect the quality of the linear regression models and
the SARIMAX proposed in this work.

It should also be taken into consideration that this
study did not include patients who visit the ED and leave
before being seen by a doctor. This departure is often asso-
ciated with long waiting periods. The number of patients

who left the ED can be very important and significantly
affect the quality of the proposed predictive models.

Finally, another limitation of this study is that the pa-
tients were treated in a regional teaching hospital in the
province of Quebec, where almost all citizens have na-
tional health insurance with unrestricted access to emer-
gency care. This should be considered when generalizing
the findings of the study to other countries.

5 Conclusion

This study highlights the advantages offered by grouping
the patients into Major Diagnostic Categories for patterns
of ED visits and admission models.
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Fig. 5. Continued.

In the first part of the study, three techniques are de-
ployed to model the number of patients visiting ED for
each MDC, namely SARIMA univariate linear regression,
and multivariate SARIMA (SARIMAX). For the major-
ity of the MDCs the multivariate SARIMA (SARIMAX)
provides the best results with the lowest MAPE. The use
of these different modeling techniques highlights the be-
havior of the time series of the number of patient visits to
the ED.

Modeling the ED visits per MDC helps managers to
better plan resources needed to meet demand. This MDC
grouping approach does not affect the quality of the model
in estimating the total number of visits.

The second part of this work aims to establish a model
to estimate the rate of admitted patients. The number
of admitted patients is a highly appreciated information
by managers and when this number is allocated to each
MDC, it allows a more accurate calculation of the nec-
essary quantity of resources. Proper planning of the re-
sources needed for hospitalizations has a positive effect on
the admission of ED process, often identified as a bottle-
neck in the whole process of emergency. The number of
patients admitted is not modeled as a time series as some
authors has done [6], but as a product of the time se-
ries Nkt and the admission ratio τk, independent stochas-
tic variables. It is shown that some of these variables are
identifiable to normal distribution laws.
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Fig. 5. Continued.

The study also finds significant correlations between
the probabilities for a patient to be admitted and the age
group he belongs to This correlation could be used to set
the real-time status of ED in order to improve the coor-
dination between all the ED staff members.
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