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a b s t r a c t

Emergency Departments (EDs) can better manage activities and resources and anticipate
overcrowding through accurate estimations of waiting times. However, the complex
nature of EDs imposes a challenge on waiting time prediction. In this paper, we test
various machine learning techniques, using predictive analytics, applied to two large
datasets from real EDs. We evaluate the predictive ability of Lasso, Random Forest,
Support Vector Regression, Artificial Neural Network, and the Ensemble Method, using
different error metrics and computational times. To improve the prediction accuracy,
new queue-based variables, that capture the current state of the ED, are defined
as additional predictors. The results show that the Ensemble Method is the most
effective at predicting waiting times. In terms of both accuracy and computational
efficiency, Random Forest is a reasonable trade-off. The results have significant practical
implications for EDs and hospitals, suggesting that a real-time performance monitoring
system that supports operational decision-making is possible.
© 2021 International Institute of Forecasters. Published by Elsevier B.V. All rights reserved.
1. Introduction

Emergency Department (ED) overcrowding is a long-
tanding issue affecting all healthcare systems (Ahalt, Ar-
on, Ziya, Strickler, & Mehrotra, 2016; Hoot & Aronsky,
008). This is mainly caused by the imbalance between
upply and demand for emergency services, which is be-
oming overwhelming due to the ageing population and
he widespread implementation of restrictive cost con-
ainment policies (ACEP, 2016; Arkun et al., 2010).

The consequences of ED overcrowding include increased
aiting times, delayed treatment, ambulance diversion,
nd financial losses (Elalouf & Wachtel, 2016; Hoot &
ronsky, 2008). In particular, prolonged waiting times
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reduce the quality of care and increase the likelihood of
adverse outcomes for patients with serious illnesses. Pa-
tient satisfaction is also affected, and more patients leave
before being visited by a physician (Arkun et al., 2010;
Hobbs, Kunzman, Tandberg, & Sklar, 2000). Thus, waiting
time is a key metric for measuring ED efficiency (Khalifa
& Khalid, 2015).

From the hospitals’ perspective, accurate estimates of
waiting times can help EDs better manage activities and
resources and improve patient and ambulance routings,
so they can anticipate or react to potentially critical situ-
ations (Ang, Kwasnick, Bayati, Plambeck, & Aratow, 2016;
Senderovich et al., 2016). In addition, the timely commu-
nication of waiting times can significantly affect patients’
experiences and satisfaction (Soremekun, Takayesu, & Bo-
han, 2011; van der Vaart, Vastag, & Wijngaard, 2011).
Hospitals are therefore becoming increasingly aware of
the potential value of predictive modelling when facing
overcrowding, to improve patient care and operational
r B.V. All rights reserved.
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efficiency. Traditional predictive methods (e.g., rolling av-
erages, queuing theory, linear regression, etc.) produce
results that are often inaccurate and that can potentially
mislead both hospitals and patients (Ang et al., 2016;
Bontempi, Taieb, & l Le Borgne, 2013). Thus, prediction
accuracy remains a significant challenge due to the com-
plexity of ED processes (Rebuge & Ferreira, 2012) and the
stochastic nature of the ED system, which includes patient
arrivals, types of treatments, and diagnostic tests (Ang
et al., 2016; Lin, Patrick, & Labeau, 2013).

The widespread adoption of Hospital Information Sys-
ems (HISs), together with recent Information Technol-
gy (IT) developments, including cloud platforms and
earable sensors, enable hospitals to obtain an ever-
rowing volume of diverse patient and process-related
ata (Galetsi & Katsaliaki, 2019; Koufi, Malamateniou, &
assilacopoulos, 2015). This trend has led to innovative
nd advanced data-driven techniques, such as predictive
nalytics, being applied to the prediction of key perfor-
ance measures, e.g., waiting times, lengths of stay, hos-
ital admissions, etc. Araz, Olson, and Ramirez-Nafarrate
2019), Golmohammadi (2016), Islam, Hasan, Wang, Ger-
ack, and Noor-E-Alam (2018).
In this study, we test various machine learning tech-

iques for forecasting waiting times in EDs, by applying
redictive analytics and using real data from two Italian
ospitals in the form of basic triage ED data that pro-
ides patient characteristics. To improve the prediction
ccuracy, we devise new queue-based predictors that cap-
ure the current state of the ED. The aim is to identify
he learning technique that provides the most accurate
nd real-time estimations of waiting times for patients
rriving to the ED. We evaluate the accuracy of Lasso,
andom Forest, Support Vector Regression, Artificial Neu-
al Network, and the Ensemble Method using two fore-
asting error measures: the mean squared error and the
ean absolute error. We also assess the efficiency of
ach technique in terms of computational time. Finally,
e propose a simulated experiment to show a potential
eal-time application of the predictive models in the EDs.
he proposed forecasting system simulates the process of
redicting the waiting time in real time for each incoming
atient to the ED, using information about the current
tate of the system and the new patient’s characteristics.
Timely and accurate waiting time estimations can help

ospital managers monitor process performance in real
ime and manage ED resources more effectively, based
n expected patient waiting times. This can also increase
atient satisfaction and reduce the number of patients
ho leave before being seen by a physician.
The paper is structured as follows: in Section 2 we re-

iew the literature; we describe the methodology (i.e., the
ata, learning techniques, and evaluation methods used
n this study) in Section 3; Section 4 presents the results;
ection 5 describes the simulated application of the de-
eloped predictive models; and Section 6 summarises the
tudy and the findings and identifies future directions.

. Related work

In this section, we provide a comprehensive review of
he works related to waiting time prediction in EDs. We
193
assess all identified studies published in journals since
2007. A detailed summary is provided in Table 1.

Linear regression is traditionally the most widely used
approach for predicting waiting times in EDs (Ang et al.,
2016; Gul & Celik, 2018; Kuo et al., 2020). For example,
Asaro, Lewis, and Boxerman (2007) develop multivariate
linear regression models with the waiting time, length
of stay, and boarding time as dependent variables, by
using patient- and system-level data. Similarly, Hemaya
and Locker (2011) propose a linear regression model to
predict waiting times, using patient arrivals in the ED and
temporal variables. However, linear regression is sensitive
to outliers and assumes only linear relationships between
predictors and the dependent variables (Asaro et al., 2007;
Kuo et al., 2020; Tu, 1996). Although non-linear rela-
tionships can be captured through the transformation
of variables and by introducing interaction effects and
higher-order terms into the model structure (Kuo et al.,
2020), linear regression does not appear to be suitable for
complex and dynamic contexts such as EDs.

Scholars have increasingly focused on using predictive
analytics to forecast ED waiting times, due to its superior
predictive performance (Islam et al., 2018; Koh, Tan, et al.,
2011). Predictive analytics and data mining encompass
various learning techniques aimed at extracting hidden
and potentially useful information and patterns from data
in large databases, and at making predictions from such
data (Friedman, Hastie, & Tibshirani, 2001; Golmoham-
madi, 2016; Roquette, Nagano, Marujo, & Maiorano, 2020,
chap. 1). In the study of Ding et al. (2010), a quantile
regression model is developed that is able to forecast
waiting, treatment, and boarding times for patients across
all triage levels. The authors extracted triage informa-
tion, patient demographics, and clinical characteristics.
Similarly, Sun, Teow, Heng, Ooi, and Tay (2012) report
a quantile regression model for predicting waiting times
based on triage information. However, their model does
not consider patient characteristics (e.g., age and mode
of arrival). This represents a limitation, because overlook-
ing particular variables can reduce model performance.
Gonçalves et al. (2018) develop a classification model to
predict ED waiting times by using random forests. The
waiting time is separated into categories without provid-
ing a point estimation. A set of predictors including pa-
tient characteristics and temporal variables was exploited.
In the study of Ang et al. (2016), a Q-lasso model is de-
veloped that combines statistical learning and fluid model
estimators to forecast ED waiting times for different pa-
tient acuity groups by using historical data from four
hospitals. Finally, Kuo et al. (2020) compare basic linear
regression with four learning techniques. However, the
small size of the dataset (one month) affects the reliability
of the results. In addition, the authors mainly focus on
demonstrating the superiority of learning techniques over
the traditional approach in terms of prediction accuracy.

In summary, the literature presents several applica-
tions of traditional and more advanced learning approache
for the prediction of ED waiting times. However, most of
these works generally propose a single advanced tech-
nique for conducting the forecasting task by mainly using
triage time, patient characteristics, and temporal variables
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Table 1
Summary of papers based on waiting time prediction in EDs.
Reference Technique(s) NHS Data Performance measure(s)

Period Size Predictors Err. metric Computational
time

Asaro et al. (2007) Multivariate linear
regression

N.A. 26
months

166k Patient characteristics,
ED arrivals, admission
rates, bed utilization

R2 N.A.

Ding et al. (2010) Quantile regression N.A. 1 year 50k per
dataset
(4 EDs)

Patient and clinical
characteristics, temporal
variables, ED occupancy
rates

Difference between
observed and
predicted waiting
times

N.A.

Hemaya and Locker
(2011)

Linear regression UK 8 months 43k Mean waiting time of
the last three and five
patients, temporal
variables

Mean absolute error N.A.

Sun et al. (2012) Quantile regression Singapore 1 month 13k Triage code, triage time,
queue for consultation,
flow rates at triage

Difference between
the median predicted
and actual waiting
times

N.A.

Ang et al. (2016) Q-Lasso, rolling average,
fluid models, quantile
regression

California
(USA), New
York (USA)

4
datasets
from 12
to 18
months

60k, 90k,
120k,
70k

Queue for consultation,
queue for departure,
staff-based variables,
best rolling average,
temporal variables

Mean squared error N.A.

Gonçalves et al.
(2018)

Random Forest
(classification type)

Portugal 5 years 670k Triage time, discharge
time, patient and
temporal variables

F1 score N.A.

Kuo et al. (2020) Linear regression,
stepwise multiple linear
regression, Artificial
Neural Network, support
vector machines,
gradient boosting
machines

Hong Kong 1 month 13k Triage code, arrival time,
staff-based variables,
queue for triage, queue
for consultation, queue
for departure

Mean squared error,
root mean squared
error

N.A.

194
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as predictors. Few authors compare their results with
basic techniques, such as a rolling average and linear
regression. However, as the performance of the various
learning techniques is affected by various sources of un-
certainties, it is not possible to assess a priori if a single
methodological choice performs best (Kuhn & Johnson,
2013; Wolpert, 1996), thus leading to sub-optimal so-
lutions. Furthermore, fair comparisons among different
studies cannot be done without further considerations.
The studies generally analyse various datasets and the
results depend on several factors, such as national health
systems, ED architecture, the temporal window, the sea-
sonality of the data, and the set of predictors. The use
of various error metrics can lead to invalid results being
obtained by simple comparisons between learning tech-
niques. Table 1 shows that there is no single recognised
error metric among the studies. None report the compu-
tational time of their approaches, which can determine
the selection of the most appropriate technique used in
a real-time forecasting tool. Thus, a discussion of the
results is required, to evaluate the applicability of these
learning techniques in real applications and to enable the
identification of the most suitable solution.

The aim of this study is to contribute to the literature
by presenting a critical and structured comparative anal-
ysis of five learning methods—including advanced linear
regression techniques, non-linear regression techniques,
and their combinations—for predicting ED waiting times,
using two large datasets of two real EDs. Each learning
technique is evaluated in terms of providing accurate
estimations of waiting times in a reasonable computa-
tional time and to guide ED managers in the choice of
the most suitable estimate. In addition, we aim to im-
prove the predictive power of each learning technique
through new queue-based predictors that capture the
current state of the ED, as enabled by process mining
(see van der Aalst (2016) for more details) as suggested
by Benevento, Aloini, Squicciarini, Dulmin, and Mininno
(2019). Finally, this is the first attempt to use a simu-
lated experiment to test the predictive models’ potential
forecasting ability regarding the waiting time of each
incoming patient in an ED in real time.

3. Materials and methods

3.1. Data

We used two real datasets from two EDs in medium-
sized public hospitals, located in areas of average pop-
ulation in northern-central Italy. We refer to these as
Hospital 1 and Hospital 2. The datasets from the two hos-
pitals vary in timespan and number of observations. That
of Hospital 1 (D1) covers January to August and consists of
40,504 ED presentations, or observations, and more than
453,000 events; the dataset from Hospital 2 (D2) covers
January to December and includes 60,230 observations
and more than 553,000 events. Like the datasets used
in other studies, D1 and D2 contain information regard-
ing patients (triage code and age) and their related ED
episodes, from the registration and triage process to ED

departure or hospital admission.
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Table 2
Summary statistics of the two datasets. The waiting time of code-red
patients is zero as they need immediate treatment for preservation of
life.

Hospital 1 Hospital 2

Variables % Patients

Triage code
Red 2 3
Yellow 30 24
Green 53 40
Blue 14 31
White 1 2
Mode of arrival
Autonomous 70 65
By ambulance 30 35

Variables Average (Std. Dev.)

Age [years] 46 (33) 47 (30)
Waiting time [min]
All patients 35 (41) 65 (102)
Yellow code 21 (19) 65 (68)
Green code 39 (46) 79 (116)
Blue code 53 (65) 50 (103)
White code 58 (72) 63 (109)

The raw data extracted from the hospital information
systems included unwanted observations, missing data
points, double entries, and outliers. We therefore first
refined the two datasets to improve the data quality. The
data cleaning procedure is described in the Supplemen-
tary Material. The refined datasets D1 and D2 consist of
38,081 and 57,887 observations, respectively.

We analysed the refined datasets in detail to gain
useful insights about the variables and the relationships
between them. This enabled the appropriate selection of
candidate predictors. The summary statistics of the vari-
ables from these observations are presented in Table 2.

Of the 38,081 ED observations in sample D1, 85% are
urgent, very urgent, and immediate patients. In D2, the
percentage of such patients is lower (67%), while the
percentage of blue codes is twice as high (31%). As shown
in Table 2, the average waiting time in D2 is higher than
that of D1. In addition, the standard deviation for D2 is
greater, indicating that there is much more variability
in D2 than in D1. The average patient age is similar in
both datasets (46 years for D1 and 47 years for D2).
Young patients experience shorter waiting times as they
are immediately treated by the paediatrician, while the
other age groups show similar waiting times. More details
are given in the Supplementary Material. Almost 30% of
patients arrive at the ED of Hospital 1 by ambulance, and
the remainder arrive independently. A similar value is
recorded for Hospital 2.

Figs. 1 and 2 compare weekly and daily variations
of patient arrival rates and waiting times at the EDs of
the two hospitals. For Hospital 1, the average waiting
time and the number of arrivals have similar variation
patterns, and are directly proportional. For example, as
shown in Fig. 1, the average waiting time is high on
Tuesday, when the ED experiences many arrivals, and
decreases over the weekend. The significant increase in
patients visiting the ED at the beginning of the week is
likely due to the increase in the number who do not first
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Fig. 1. Comparison between the average waiting time and the average number of arrivals during the week for Hospital 1 and Hospital 2.
Fig. 2. Comparison between the average waiting time and the average number of arrivals per hour.
onsult their primary care physician and are then referred
o the ED in times of urgency. For Hospital 2, the average
aiting time is always high during the week, and peaks
n Monday and Sunday. The number of arrivals per day
s high on Monday, with a slight decrease on Wednesday
nd Sunday.
As Fig. 2 shows, for Hospital 1 on any particular day

oth the waiting time and the number of patients visiting
he ED increase gradually from 8 a.m. to 12 a.m. In addi-
ion, there is a decrease in waiting time at the beginning
f each shift (at 8 a.m. and 2 p.m.). Similar behaviour is
lso observed in Hospital 2.
We first conducted an in-depth identification of the

ariables and a collection process, and then considered a
et of 26 predictors, as listed in Table 3, to effectively cap-
ure the ED state and accurately predict the waiting time
f patients. We considered three aspects when selecting
196
the contributing variables: previous research on waiting
times, data availability, and interviews with ED staff. The
same predictor approach was used for both D1 and D2.

We included patient characteristics (age, arrival mode,
and acuity level) that may potentially influence the vari-
ances in forecasting waiting times (Arkun et al., 2010;
Ding et al., 2010). To account for daily variations, we
investigated a set of variables for the time of day along
with the day of the week (Ang et al., 2016; Arkun et al.,
2010; Ding et al., 2010; Sun et al., 2012). Following Ang
et al. (2016), we incorporated the best rolling average of
the waiting times of the last 15 patients who presented to
the ED as an additional candidate predictor. Alongside the
variables commonly used in the healthcare literature (Ang
et al., 2016; Araz et al., 2019; Arkun et al., 2010; Sun
et al., 2012), we also explored the use of new-arrival and
queue-based predictors, which report the current state
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Table 3
Characterisation of predictors.
Category Name Type

Patient-related Triage code Categorical
Age Numerical
Arrival mode Binary

Temporal Day of the week Categorical
Hour of the day Categorical

Arrivals-based Estimated average number of arrivals - red codes Numerical
Estimated average number of arrivals - yellow codes Numerical
Estimated average number of arrivals - green codes Numerical
Estimated average number of arrivals - blue codes Numerical

Queue-based Patients who are triaged but not yet treated – red codes Numerical
Patients who are triaged but not yet treated – yellow codes Numerical
Patients who are triaged but not yet treated – green codes Numerical
Patients who are triaged but not yet treated – blue codes Numerical
Patients who are triaged but not yet treated – white codes Numerical
Patients who are treated but not yet discharged – red codes Numerical
Patients who are treated but not yet discharged – yellow codes Numerical
Patients who are treated but not yet discharged – green codes Numerical
Patients who are treated but not yet discharged – blue codes Numerical
Patients who are treated but not yet discharged – white codes Numerical
Patients between triage and exit Numerical
Patients who are treated but waiting to receive the laboratory report Numerical
Patients who are treated but waiting to receive the radiological report Numerical
Patients who are treated but waiting for the orthopaedic consultation Numerical
Patients who are treated but waiting for the paediatric consultation Numerical
Patients who are transferred to the short observation unit Numerical

Others Best rolling average Numerical
of the ED, to improve prediction accuracy, as suggested
by Benevento et al. (2019).

Arrivals-based variables capture the influence of new
D arrivals on the waiting time of patients within the
D. The higher the priority of new arrivals, the more
ignificant their impact on the waiting time. Thus, we
eveloped four predictors corresponding to red, yellow,
reen, and blue codes. White codes were omitted because
hey denote the lowest priority, and thus they do not
ffect the waiting time of patients already queuing. To
ompute arrival-based predictors for each observation, we
easured the average number of arrivals in the previ-
us months that occurred on the same day of the week
nd at the same hour. Our estimate of the predictive
ower of the arrivals-based variables is reported in the
upplementary Material.
Queue-based variables determine the crowding level

f the ED system. They measure the queue of patients
aiting at various stages, from registration to disposition
e.g., the queue for lab tests or for transfer to the Short
bservation Unit). To derive internal queue-based predic-
ors, we followed the process mining approach (van der
alst, 2016), as suggested by Benevento et al. (2019).

.2. Methods

The dependent variable is the waiting time between
riage and the first visit for each incoming patient to
he ED. To predict the ED waiting time, we tested sev-
ral learning techniques, both linear and nonlinear, by
everaging the predictors defined in Section 3.1.

We compared Lasso, Random Forest (RF), Support Vec-
or Regression (SVR), Artificial Neural Network (ANNs),
197
and the Ensemble Method (EM), to evaluate their accu-
racy in terms of providing information useful for opera-
tional decisions in the ED (Araz et al., 2019). These learn-
ing techniques are representative of the main families
of algorithms used in machine learning applications (De-
len, Cogdell, & Kasap, 2012; Hastie, Tibshirani, & Fried-
man, 2009; Koh et al., 2011). They are used because they
have an advantage in handling large datasets, flexibly
explore data connections, identify significant predictors,
and prevent data over-fitting.

The accuracy of the learning techniques was evaluated
and compared using the mean squared error (MSE) and
mean absolute error (MAE), which are the most widely
used error measurements (Hyndman & Koehler, 2006;
Shcherbakov et al., 2013). The MSE and MAE are partic-
ularly useful when comparing different predictive models
applied to the same set of data (Hyndman & Koehler,
2006; Shcherbakov et al., 2013). The MSE is the most
popular measure because of its theoretical significance
in statistical modelling. However, it is significantly influ-
enced by outliers. The MAE can mitigate this problem, as
it considers only the absolute value of the error vector
components (Hyndman & Koehler, 2006).

In addition to model accuracy, the efficiency levels of
Lasso, RF, SVR, ANN, and EM were evaluated in terms of
computational time.

To test the impact of the queue-based and arrivals-
based variables described in the previous section on the
accuracy of waiting time prediction in EDs, we defined
three sets of candidate predictors (see Table 3 in Sec-
tion 3):

(a) Basic predictors (B). This includes only the tradi-
tional predictors, that is, patient-related variables,
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Fig. 3. Overview of the procedure for model selection and hyperparameter tuning.
temporal variables, and the best rolling average
variable.

(b) Basic (B) + arrivals-based (A) predictors. This includes
the predictors in set B plus arrivals-based predic-
tors.

(c) Basic (B) + arrivals-based (A) + queue-based (Q) pre-
dictors. This includes all predictors.

The accuracy of the Lasso, RF, SVR, ANN, and EM mod-
ls were then evaluated for all three sets using the MSE
nd MAE. The evaluation was conducted for D1 and D2.
Finally, to implement and test the learning techniques

or waiting time prediction, we split both D1 and D2 into
wo subsets: 80% of patient observations represented the
raining set, which was used to tune the hyperparameters
of each technique; and the remaining 20% represented
the test set, which was used to evaluate the accuracy of
ach technique. The hyperparameters of the Lasso, RF,
VR, ANN, and EM techniques were tuned by using the
ime series cross-validation technique. The training set
as initially split into six equal parts, to allow for five

terations. At the ith iteration, the training subset consists
of i of these parts, while the validation set is represented
by the (i+1)th part. As each technique comes with various
hyperparameters and may perform differently by varying
them within a discrete set, we conducted time series
cross-validations for all hyperparameter values and finally
chose the technique that gave the lowest cross-validation
average MSE among the five iterations. An overview of the
procedure for model selection and hyperparameter tuning
is given in Fig. 3.

We then implemented the selected learning techniques
by using MATLAB R⃝ internal routines, as described in the
following sections.

3.2.1. Lasso
Lasso is a regularised linear regression method that

can be used to select significant parameters among the
predictor variables (Kuhn & Johnson, 2013; Tibshirani,
1996). Lasso has the advantage of reducing the number
of variables within the model. Thus, if a dataset has many
features, Lasso can identify and extract the most impor-
tant (Tibshirani, 1996). However, if a group of predic-

tors is highly correlated, Lasso tends to randomly choose

198
Table 4
Best Lasso model for D1 and D2.
Dataset Best λ MSE [min2] MAE [min]

D1 0.34 1428 26.2
D2 0.91 4883 53.1

one of the multi-collinear predictors, regardless of the
context (Zou & Hastie, 2005).

Lasso estimates the regression coefficients vector β
as the minimiser of the Lasso objective function (see
Eq. (1)3), composed of the sum of a loss function (RSS,
defined in Eq. (1)2) and a penalty term (Ogutu & Piepho,
2014):

y = β0e + Xβ + ε

RSS = (y − Xβ)T (y − Xβ)

Lasso (β) = argmin
β

⎡⎣RSS + λ

p∑
j=1

|βj|

⎤⎦ (1)

In Eq. (1), X ∈ Rn×p is the predictor array (Xij is the
jth predictor for the ith patient) being p the number of
predictors and n the number of observations, y ∈ Rn is
the waiting time vector (each component is relative to
a patient), β ∈ Rp is the regression coefficients vector,
ε ∈ Rn is the error terms vector, e ∈ Rn is a vector of ones.
As customary, the vector y has been centered. The penalty
multiplier λ prevents over-fitting the prediction function
by forcing Lasso to use only a subset of the candidate
predictors, i.e., those with the largest signal for a given
λ, and to set the β coefficients of the others to zero (Ang
et al., 2016; Tibshirani, 1996).

In our case, p = 26 and n = 30464 for D1, while n =

46309 for D2. To find the optimal value of λ, we varied it
in the range of [0.01, 100], sampled in 100 logarithmically
spaced values. We then retrained the Lasso model with
the best λ. The best-performing Lasso models for D1 and
D2 are summarised in Table 4. For more details on Lasso
hyperparameter tuning, see the Supplementary Material.

3.2.2. Random Forest
RF is a learning technique that generates and com-

bines binary decision trees, while also aggregating the
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results (Breiman, 2001; Hastie et al., 2009, chap. 15). De-
cision trees are constructed by using a bootstrap sample
of the training data and randomly choosing a subset of
predictors at each node.

The algorithm for RF regression is summarised in Al-
orithm 1 (Dudek, 2015; Hastie et al., 2009, chap. 15),
here K is the number of trees, P is the number of input
redictors at each split, p is the total number of predictors,
nd m is the minimum node size.

Algorithm 1 RF algorithm.

for i = 1, · · · , K do
Draw a bootstrap sample B of size S from the

training data.
while node size ̸= m do ▷ Grow an RF tree Ti

for every node do
Randomly select P predictors out of p.
Pick the best predictor/split-point among the

P .
Split the node into two daughter nodes.

end for
end while

end for
return {Ti}i=1,··· ,K

To make a prediction at a new point x, Eq. (2) is used:

f (x) =
1
K

K∑
i=1

Ti(x) (2)

In our case, p = 26, and we initially fixed the num-
ber of trees K (Probst & Boulesteix, 2017) as 400. We
determined m and P by varying them in the ranges of
[2, 10] and [6, 20], respectively. The best combination of
m, P) that minimises the MSE is (7, 9) for D1 and D2.
e then retrained the RF model with the best (m, P).
he best RF model performances are listed in Table 5.
or more details on RF hyperparameter tuning, see the
upplementary Material.

.2.3. Support Vector Regression
SVR belongs to the family of generalised linear mod-

ls, which are aimed at achieving a prediction decision
ased on a linear combination of features derived from
ariables (Araz et al., 2019; Delen et al., 2012).
The general idea of SVR is to construct an ε-tube. Errors

re ignored if they are inside the tube, and penalised if
hey are outside of the tube (Carrasco, López, & Maldon-
do, 2019; Drucker, Burges, Kaufman, Smola, & Vapnik,
996).
The SVR can be formalised by the following optimisa-

ion problem:

min
β,b,ξ,ξ∗

1
2
∥β∥

2
L2 + CeT (ξ + ξ∗) subject to

y − Xβ − be ≤ εe + ξ,

− y + Xβ + be ≤ εe + ξ∗,

ξ, ξ∗
≥ 0,

(3)

where X ∈ Rn×p is the predictor array, n is the number
of observations, p is the number of predictors, y ∈ Rn
199
Table 5
Best RF model for D1 and D2.
Dataset Best m Best P MSE [min2] MAE [min]

D1 7 9 1105 21.2
D2 7 9 4073 46.2

is the waiting time vector, ξ ∈ Rn and ξ∗
∈ Rn are

slack variables vectors, e ∈ Rn is a vector of ones, b
is the intercept of the regression, and β ∈ Rp is the
regression coefficient vector. The positive box-constraint
parameter C to be tuned affects the tolerance of points
lying outside the error margin ε. That is, it determines the
tradeoff between the flatness of the regression function
and the maximum tolerated number of deviations larger
than ε (Gunn et al., 1998; Smola & Schölkopf, 2004). It
can be shown that problem (3) can be formulated in
dual terms and can be extended to the nonlinear case as
follows (Carrasco et al., 2019; Smola & Schölkopf, 2004):

min
α,α∗

{
1
2
(α − α∗)TK(X,XT )(α − α∗)

+ εeT (α + α∗) − yT (α − α∗)
}

subject to

eT (α − α∗) = 0,
0 ≤ α, α∗

≤ Ce,

(4)

here α ∈ Rn and α∗
∈ Rn are the Lagrange multiplier

ectors associated with the first two (vector) constraints
ppearing in Eq. (3), K(X,XT ) ∈ Rn×n is the Gram ma-
rix whose components (K)ij = k(Xi,Xj) (Xi, Xj ∈ Rp)
re called kernel functions and are defined as the scalar
roduct < Φ(Xi), Φ(Xj) >, where Φ : X → F maps the
raining samples into some higher-dimensional feature
pace F . According to problem (4), the prediction is given
y

(X) = K(X,XT )(α − α∗) + be. (5)

t is noteworthy that, in the non-linear case, problem (4)
orresponds to finding the flattest function in the feature
pace, not in the input space. Moreover, note that in the
on-linear case, the kernel functions are introduced to
ap the data into the feature space F to make linear

egression possible. In the linear case, the components
K)ij are given simply by < Xi,Xj >, and problem (4) is the
ual of (3) (Carrasco et al., 2019; Gunn et al., 1998; Smola
Schölkopf, 2004). In this work, the Gaussian kernel

unction was used:

(Xi,Xj) = exp

(
−

∥Xi − Xj∥
2
L2

2σ 2

)
, (6)

where Xi,Xj ∈ Rp represent two training samples and
σ > 0 is the kernel shape parameter.

The hyperparameter of SVR to be tuned is the box-
constraint parameter C . In our case, we varied C in the
range of [5, 400]. The best value of C for minimising the
MSE between the predicted and actual waiting time is 75
for D1 and D2. We then retrained the SVR model with
the best C . The best SVR model performance is given in
Table 6. For more details on SVR hyperparameter tuning,
see the Supplementary Material.
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Table 6
Best SVR model for D1 and D2.
Dataset Best C MSE [min2] MAE [min]

D1 75 1224 21.4
D2 75 4617 46.6

Table 7
Best ANN model for D1 and D2.
Dataset NHL Best NNPL MSE [min2] MAE [min]

D1 1 4 1198 22.7
D2 1 4 4307 48.3

3.2.4. Artificial Neural Network
ANNs aim to simulate the human brain when collect-

ng and processing data for the purpose of learning (Gol-
ohammadi, 2016; Golmohammadi & Radnia, 2016).
An ANN consists of interconnected nodes that mimic

he actual neurons of a biological brain. The nodes are
onnected by signals, which are the weighted sums of
he inputs. Each of the connections, or edges, transmits
signal from one neuron to another. Artificial neurons
nd edges have a weight that is self-determined as learn-
ng proceeds. The training procedure describes how the
alues of the weights are determined, allowing the net-
ork to accurately grasp the behaviour of the system to
e described. Typically, artificial neurons are aggregated
nto layers. Different layers can perform different types
f transformations on their inputs (Gardner & Dorling,
998).
Many types of ANNs have been applied, depending

n how the neurons are connected. The most used is
he multilayer feed-forward neural network (Gardner &
orling, 1998). The architecture of a multilayer network
s variable, but in general it consists of several layers of
eurons. The output of a node is scaled by the connecting
eight and fed forward to be an input for the nodes in the
ext layer. The number of neurons in each layer depends
n the specific problem. An ANN requires determining the
umber of hidden layers (NHLs), the number of nodes per
ayer (NNPL), and the type of training algorithm (TA).

In our case, we built a feed-forward network with sig-
oidal activation functions, trained with a back-
ropagation TA, called Trainbr. We varied the NNPL among
1, 2, 3, 4, 5, 10, 20, 50}, and we used one NHL, as sug-
ested by Blackard and Dean (1999), Hornik, Stinchcombe,
nd White (1989). We then retrained the ANN model
ith the best NNPL. The performances of the best ANN
odel are listed in Table 7. For more details on ANN
yperparameter tuning, see the Supplementary Material.

.2.5. Ensemble Method
EM represents an ensemble of all of the previous meth-

ds. The main idea is to combine and assign weights to
everal learning techniques, to obtain a new predictive
echnique that can outperform any single method it is
omposed of (Polikar, 2012; Rokach, 2009; Valentini &
asulli, 2002). Although different methods of combining
ingle forecasts can be devised, we simply computed a
eighted sum of the outputs of Lasso, RF, SVR, and ANN.
200
Table 8
Best EM model for D1 and D2.
Dataset Best β MSE [min2] MAE [min]

D1 [0, 0.74, 0.10, 0.16] 1100 20.8
D2 [0, 0.63, 0.03, 0.34] 4059 46

The procedure for EM training and tuning is shown in
Fig. 4.

The initial training set, consisting of the 80% of the
data, was split into training and validation sets. Each
learning technique was trained and tuned on the training
set, following the time series cross-validation procedure.
The optimal weights were determined based on the vali-
dation set. The distance from the actual waiting times for
EM was evaluated in the test set. The best value of the
weight vector β is the result of the minimisation problem
f Eq. (7):

min
β

E

(
4∑

i=1

βiypred−i, yact

)
subject to

4∑
i=1

βi = 1,

(7)

where ypred−i is the predicted waiting time vector for the
ith technique (Lasso, RF, SVR, or ANN), yact is the actual
waiting time vector and E is the MSE error measure. The
best performances of EM are listed in Table 8.

4. Results

Tables 9 and 10 summarise the performance of the
different methods in terms of the MSE and MAE with
D1 and D2, respectively. All methods were compared
with the ordinary least squares (OLS) method, commonly
named linear regression, which is traditionally a widely
used approach for forecasting waiting times (Ang et al.,
2016; Kuo et al., 2020).

We can infer that EM outperforms other techniques, as
it achieves the lowest error for each metric. It improves
accuracy by between 28% and 23% for D1, depending
on the error metric relative to OLS. The same applies to
D2, with a decrease in the MSE and MAE of 17% and
14%, respectively. OLS obtains the largest error within all
error metrics with both datasets when compared to the
stand-alone techniques. This is followed by Lasso, which
achieves a very similar level of performance, as it yields
the lowest error reduction (up to 6% with D1 and up
to 0.6% with D2). For the MAE, which does not penalise
outliers, RF and SVR perform similarly with both datasets.
However, with the MSE, RF achieves the best results, with
an increase in accuracy of up to 27% in D1 and up to 17%
in D2.

We note a significant worsening in the performance of
the predictive models with D2. This is mainly due to the
greater variability in the waiting times of D2, as confirmed
by the standard deviation in Table 2.

All of the results we obtained are statistically signifi-
cant, as described in Appendix.
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Fig. 4. Overview of the procedure for EM training and tuning.
Table 9
Model comparison with D1.

OLS Lasso %Changea RF %Changea SVR %Changea ANN %Changea EM %Changea

MSE [min2] 1520 1428 −6 1105 −27 1224 −19 1198 −21 1100 −28
MAE [min] 27 26.2 −3 21.2 −22 21.4 −21 22.7 −16 20.8 −23

aThe variation is measured with respect to OLS.
Table 10
Model comparison with D2.

OLS Lasso %Changea RF %Changea SVR %Changea ANN %Changea EM %Changea

MSE [min2] 4895 4883 −0.3 4073 −17 4617 −6 4307 −12 4059 −17
MAE [min] 53.4 53.1 −0.6 46.2 −14 46.6 −13 48.3 −10 46 −14

aThe variation is measured with respect to OLS.
Figs. 5 and 6 show the quantiles for the prediction and
bsolute prediction errors for D1 and D2, respectively. The
ehaviour of the prediction error and absolute prediction
rror curves is almost the same for both datasets. This
onfirms that Lasso achieves the poorest performance
mong the proposed techniques. EM, RF, and SVR have
he same trend, and they achieve generally better per-
ormance. In more detail, Figs. 5(a) and 6(a) show that
he waiting time is underestimated for about 40% of pa-
ients in the test set for all the forecasting methods. Of
hese, RF and EM are the best for underestimations (they
nderestimate less). Conversely, Lasso and ANN tend to
verestimate the prediction when compared to EM or
VR. Fig. 5(b) shows that, up to the 80th percentile, the
bsolute prediction error is kept within 30 minutes for all
echniques, except for Lasso, with D1. This is a promising
esult in a complex and dynamic context like an ED.
owever, Fig. 6(b) shows that the 30-minute threshold
s respected only up to 50th percentile, when using D2.
his result confirms that the greater variability within D2
an negatively affect the performance of the predictive
odels.
In terms of computational efficiency, Table 11 sum-

arises the computational time of all techniques with D1
nd D2. Simulations were run on an Intel i7-8750H CPU
2.20 GHz notebook.
As expected, increasing the size of the dataset leads to

n incremental increase in the computational times. How-
ver, the behaviour of the techniques remains similar. EM
201
Table 11
Average computational time.

OLS Lasso RF SVR ANN EM

D1 CPU time [s] 0.3 0.8 37 100 60 198
D2 CPU time [s] 0.5 2 60 137 86 285

has the highest computational time with D1 and D2, as
it is derived from the combination of four techniques.
For the standalone techniques, despite their prediction
accuracy, it is evident that SVR suffers from a high training
time, which directly influences the computational time
of EM. Lasso achieves the lowest running time, and is
comparable to that of simple traditional methods like OLS.
RF also obtains an acceptable computational time value,
which remains under one minute with both datasets,
without penalising its predictive performance. The low
computational time of RF is partially influenced by the
low number of trees. The computational time may in-
crease with a larger number of trees. This result suggests
that a predictive model with acceptable accuracy can
be developed in a feasible amount of time, allowing for
applications in real contexts.

Table 12 summarises the main results of the evaluation
of the impact of queue-based and arrivals-based variables
on the prediction accuracy.

Enriching the set of predictors with arrivals-based and
queue-based variables increases the accuracy of waiting
time predictions with both D1 and D2. RF and EM bene-
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Table 12
MSE and MAE obtained by Lasso, RF, SVR, ANN, and EM with each set of predictors.

Predictors Lasso RF SVR ANN EM

MSE MAE %Changea MSE MAE %Changea MSE MAE %Changea MSE MAE %Changea MSE MAE %Changea

D1 B 1583 26.8 – – 1320 22.6 – – 1353 21.7 – – 1296 23.1 – – 1288 22.2 – –
B+A 1498 26.5 −5 −2 1216 22.2 −8 −2 1280 21.5 −6 −1 1228 22.9 −5 −1 1207 21.9 −6 −1
B+A+Q 1428 26.2 −10 −3 1105 21.2 −16 −7 1224 21.4 −9 −2 1198 22.7 −8 −2 1100 20.8 −15 −6

D2 B 5459 55.2 – – 4942 49.5 – – 5322 48.1 – – 4934 51 – – 4823 49.3 – –
B+A 4950 53.7 −9 −3 4308 47.7 −13 −4 4762 46.9 −11 −3 4469 49.3 −10 −4 4285 47.9 −11 −3
B+A+Q 4883 53.1 −11 −4 4073 46.2 −18 −7 4617 46.6 −13 −3 4307 48.3 −13 −5 4059 46 −16 −7

aThe variation is measured with respect to B.

202
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Fig. 5. Comparison of prediction and absolute prediction errors, in
minutes, for Lasso, RF, SVR, ANN, and EM with D1.

fited most from the introduction of such new predictors,
with a decrease in the MSE and MAE ranging between 15%
and 18% and between 6% and 7%, respectively. There was
a greater reduction in the MSE (up to 18%) compared to
the MAE (up to 7%) for all predictive models.

We then drill down into the results to explore the
impact of each category of predictors on the error reduc-
tion rate. Arrivals-based predictors (B+A models) lead to
a significant decrease in the MSE (up to 13%) compared
to traditional predictors (B models) with D2, while a mi-
nor decrease (up to 8%) is observed with D1. Including
queue-based variables (B+A+Q models) considerably im-
proves the prediction accuracy with both D1 and D2 (up
to 16% and 18%, respectively) compared to using only tra-
ditional predictors (B models). Thus, these new predictors
that capture the current ED state seem to significantly
influence waiting times in the ED.

Our results are consistent with other studies (Ben-
evento et al., 2019; Kuo et al., 2020) that demonstrate
the predictive power of queue-based and arrivals-based
variables by using both linear and non-linear learning
techniques.
203
Fig. 6. Comparison of prediction and absolute prediction errors, in
minutes, for Lasso, RF, SVR, ANN, and EM with D2.

Table 13
Comparison between the rolling average and EM.

Rolling average EM %Change

D1 MSE [min2] 2058 1100 −47
MAE [min] 30.9 20.8 −33

D2 MSE [min2] 6270 4059 −35
MAE [min] 59.7 46 −23

Finally, Table 13 shows the predictive performance
of the best-performing EM and the commonly applied
rolling average, which is widely used in hospitals and EDs
as an order-zero estimation technique (Dong, Yom-Tov, &
Yom-Tov, 2018), with both datasets. The rolling average
was measured over a time span of three hours, similar
to Ang et al. (2016). As expected, the more sophisticated
EM technique clearly outperforms the rolling average,
with an increase in accuracy of between 23% and 47%,
depending on the considered metric and on the dataset.

To summarise, the EM technique is the best choice if
the accuracy of the results is the priority, because it com-
bines good performing methods through proper weight-
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Fig. 7. Scheme of the real-time forecasting system.
ng. However, RF reasonably balances computational cost
nd the accuracy of the predictions.

. Simulated experiment of a real-time application of
he proposed predictive model in EDs

We developed a forecasting system based on the pro-
osed machine learning technique, with the aim of pro-
iding real-time estimations of waiting times for each
ncoming patient to the ED. The system works as follows
see Fig. 7). Historical data are used to train the learning
echnique. Then, the data of the incoming patient are
ecorded and used to predict that patient’s waiting time.
hese new data are then added to the historical dataset
nd used to retrain the model for new forecasts. Retrain-
ng is performed after a certain time interval (every day,
very hour, etc.).
To test the real-time implementation of the proposed

orecasting system, we conducted the following simulated
xperiment:

1. We selected D1 as the reference dataset and RF as
the learning technique of the model.

2. The first six months of D1 were used to train the
predictive model.

3. The trained model was used to make real-time
predictions of the waiting times for all incoming
patients, starting from the first day after the six
months. For each patient, the set of predictors was
built, thus capturing the current state of the ED.

4. We retrained the predictive model by using the
new patient data with an expanded-window ap-
proach. We reassessed the model both at the end of
each day and every six hours. The hyperparameters
were tuned at the end of the day in both cases.
Indeed, adding a few observations to a large dataset
does not warrant more frequent re-optimisation of
the model hyperparameters.

5. We assessed the accuracy of real-time predictions
for each time-window as the absolute value of the
difference between the predicted waiting times and
the actual times (from D1). The accuracy of the
204
error was evaluated against the two acceptance
thresholds of 15 min and 30 min, as defined in
agreement with the ED managers.

For the sake of brevity, we report point estimates of
the forecasting error per patient only for the first two
days. For the remaining period, we show the trend of the
daily average error of the single predictions.

Figs. 8(a) and 8(b) show the error trends on days 1
and 2, respectively, with daily retraining of the model.
The mean error per day is 19 minutes on day 1, and 22
minutes on day 2.

As expected, the stochastic nature of the ED system
leads to greater error variability, with peaks during rush
hours. However, the error is under 30 min in 80% of cases
on day 1, and in 76% of cases during day 2. A slightly
lower percentage of cases demonstrate errors of less than
15 min, i.e., 45% on day 1 and 49% on day 2.

Figs. 9(a) and 9(b) show the error trends on days 1 and
2, respectively, with one retraining of the model every six
hours.

The behaviour of the errors is quite similar. The mean
error per day is lower: 16 min for day 1 and 20 min
for day 2. In addition, the percentage of cases under the
thresholds is higher than with daily training. For day 1,
87% of cases are under 30 min and 61% are under 15 min,
while for day 2 76% of cases are under 30 min and 50%
are under 15 min.

Fig. 10 shows the daily mean absolute error for the
last two months of the dataset with daily and six-hour
training. In both cases, the trend is flat, with some peaks
on certain days. However, these peaks do not exceed
30 min. In more detail, as shown in Figs. 10(a) and 10(b),
the average error over the two months is about 22.4 min
with daily training, while it is about 21.1 min with six-
hour training. Furthermore, the percentage of cases below
the mean value is higher with more frequent training
(about 58%).

The experiment suggests three main conclusions. First,
real-time estimations of waiting times with an error of
30 min can be obtained in about 80% of cases. Second,
the predictive model should be retrained as frequently
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Fig. 8. Absolute error per day, in minutes (daily training).
Fig. 9. Absolute error per day, in minutes (six-hour training).
s possible, e.g., every six hours. Finally, by using RF
ithin the forecasting system, the computational time is
elatively low. This evidence supports our choice of RF
or keeping the computational time at a minimum. These
re promising results for a complex scenario like the
D, suggesting that a forecasting system with satisfactory
ccuracy can be developed.

. Discussion and conclusions

This paper answers the call for accurate waiting time
redictions that can help to solve operational decision-
aking problems in EDs (Ang et al., 2016; Araz et al.,
019; Dong et al., 2018).
We tested several learning techniques aimed at ac-

urately forecasting waiting times in almost real time,
ased on data extracted from the HISs of two Italian
Ds. The study contributes to the current literature on
redictive analytics in EDs, as an extensive and structured
205
comparative analysis that establishes the actual value of
different learning techniques in complex and dynamic
environments is lacking. We demonstrated the accuracy
and suitability of predictive models in a real application
context.

The models developed were able to provide accurate
waiting time estimations, due to new queue-based predic-
tors that effectively capture the current ED state. Accord-
ing to the literature, enriching the set of predictors with
variables that describe the crowding level of activities
within the ED system can improve the predictive power
of the learning techniques (Benevento et al., 2019; Kuo
et al., 2020).

The experiments revealed that EM was the most effec-
tive at predicting waiting times, significantly outperform-
ing all other techniques in terms of the MSE and MAE.
This result supports other research in the field suggesting
that ensemble techniques are much more accurate than
the individual base learners they consist of (Dietterich,
2000; Gigoni et al., 2017; Valentini & Masulli, 2002). Lasso
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Fig. 10. Absolute error per day, in minutes.
-

chieved the worst results in terms of prediction accuracy.
his was expected, as linear regression techniques, like
LS, Lasso, etc., have disadvantages when estimating un-
nown non-linear relationships (Asaro et al., 2007), which
re typical of dynamic and complex systems like EDs. In
erms of computational efficiency, the training times of
M, SVR, ANN, and RF were higher than that of Lasso.
owever, it is noteworthy that such times, particularly for
NN and RF, do not prohibit real-life applications in EDs.
oreover, this study demonstrated that the forecasting
ower of EM, SVR, and ANN was significantly superior
o Lasso. When considering both prediction accuracy and
omputational efficiency, RF appears to be a reasonable
radeoff. We also found that, as expected, the higher the
ata variability, the lower the predictive power of the
odels.
In general, the results suggest that a forecasting system

ased on the proposed predictive models can provide
aiting time estimations with an error of about 30 min in
0% of cases. This is a valuable result, as it demonstrates
he potential applicability and usefulness of the developed
redictive models in a real and complex context like the
D.
The results from our study have significant practical

mplications for EDs and hospitals. They provide new
erspectives for EDs and hospital managers through a
orecasting tool based on a real-time monitoring sys-
em, which enables them to be constantly informed about
he expected state of the ED (for example, the volume
f patients and the expected waiting time). This infor-
ation is essential for EDs, to help them make more
roactive responses if long waiting times can be reduced.
imely and updated predictions at the triage stage can
lso enable hospitals to better identify patients who join
r abandon the queue to receive treatment. Thus, hospital
anagers can assess in advance the potential extent of
D overcrowding and react accordingly (Derlet, 2002).
he implementation of the developed predictive models
ithin a decision support tool can help hospital deci-
ion makers more effectively manage ED activities and
206
resources, based on the expected waiting time, and ad-
just their strategies aimed at reducing long delays. This
can prevent overcrowding or enable them to react dy-
namically to possibly critical occurrences or conditions
(e.g., improving the routing of patients who arrive by
rescue vehicles in the ED network).

The study also provided indications in terms of pa-
tient communication. Accurate information about wait-
ing times can help manage the expectations of patients
waiting for treatment. Accordingly, waiting time announce
ments can positively affect patient behaviour by increas-
ing their tolerance for waiting and reducing their levels
of stress and anxiety (Jouini, Akşin, & Dallery, 2011).
Prolonged perceived waiting times and the level of com-
munication are strongly correlated with patient percep-
tions regarding service quality. Thus, communicating
information about the waiting time can increase patient
satisfaction and reduce the likelihood of patients leaving
without being seen by a physician (Soremekun et al.,
2011). Greater benefits can also be achieved if multiple
nearby EDs provide and share real-time waiting time es-
timates for prospective patients. This can help distribute
and balance the load among EDs, and thus reduce the
overall waiting time.

A potential limitation of this study is the size of the
dataset. A one-year dataset is reasonable but may lead to
less generalizability. Using a larger dataset can be more
valuable, as seasonal variations in waiting times can be
considered, during both model training and testing, and
to obtain more reliable results. In addition, the effective-
ness of the developed predictive models depends on the
availability of reliable data. However, due to the multiple
data sources and high degree of data granularity, data
quality issues such as missing values and outliers may
be encountered in real-life datasets, and such issues are
difficult to handle.

In the future, we aim to use larger datasets and explore
external sources of data (e.g., road traffic data, tempera-
ture, weather forecasts, and epidemiological data) to iden-
tify potential exogenous predictors that could improve
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Table 14
Statistical significance of the accuracies of the predictive models with
D1 and D2.
A better than B p-value

D1 D2

EM better than RF 9 × 10−5 2 × 10−6

EM better than ANN 8 × 10−16 2 × 10−13

EM better than SVR 4 × 10−17 2 × 10−7

EM better than Lasso 1 × 10−15 1 × 10−16

RF better than ANN 0.002 0.003
RF better than SVR 7 × 10−10 0.001
RF better than Lasso 3 × 10−16 3 × 10−15

ANN better than SVR 7 × 10−8 2 × 10−7

ANN better than Lasso 2 × 10−16 7 × 10−16

SVR better than Lasso 1 × 10−15 6 × 10−16

the accuracy of the predictive models. Our future work
will also involve developing more sophisticated arrivals-
based predictors by using time series forecasting meth-
ods, which can consider the stochastic behaviour of pa-
tient arrivals. Finally, we plan to conduct prediction ex-
periments with additional key measures (e.g., hospital
admissions and lengths of stay), and the traceability of
patient position and routes within the ED, by means of
wearable sensors or other environmental sensors. Im-
plementing a more effective and complete decision sup-
port tool that uses constantly updated information about
the ED’s current situation would be beneficial to support
operational decision making.
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ppendix. Statistical test to evaluate the significance of
he results

To evaluate the reliability and the significance of the
esults, we conducted a Wilcoxon signed-rank test on the
rrors from the test set (Flores, 1989).
In more detail, the p-value was computed for the null

hypothesis that the models A and B have equal perfor-
mance, by considering a significance level α equal to 0.05.

e used the Bonferroni correction method to consider
ultiple tests. Thus, we corrected α to α/number of tests.

f the p-value is smaller than the corrected α, we reject
he null hypothesis and accept that there is a significant
ifference between the two models.
The results are reported in Table 14. All comparisons

eject the null hypothesis, and, thus, the results we ob-
ained are statistically relevant. EM and RF have signif-
cantly higher predictive power compared to ANN, SVR,
nd Lasso. Conversely, Lasso achieves statistically lower
ccuracy than the other techniques.
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