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Abstract

Traffic accidents are one of the leading
causes of death around the world. One well-
established strategy to deal with this public
health issue is the design and deployment
of road safety systems, which are in charge
of predicting traffic crashes to promote safer
roads. Increasing data availability has sup-
ported Machine learning (ML) to address
the prediction of crashes and their sever-
ity. Transportation literature reports various
methods for such purposes; however, there
is no single method that achieves competi-
tive results in all crash prediction problems.
In this context, Automated machined learn-
ing (AutoML) arises as a suitable approach
to automatically address the model selec-
tion problem in areas wherein specialized
ML knowledge is not always available or af-
fordable, such as road safety. AutoML has
been successfully used in other areas; never-
theless, extensive analysis to determine their
strengths and weaknesses has not been done
in very diverse learning tasks, such as crash
severity forecasting. Thus, this paper aims to
examine to what extent AutoML can be com-
petitive against ad hoc methods (Gradient
Boosting, Gaussian Naive Bayes, k-Nearest
Neighbors, Multilayer Perceptron, Random
Forest) on crash severity prediction mod-
eled from a supervised learning perspective.
We test 3 state-of-the-art AutoML methods
(Auto-Sklearn, TPOT, AutoGluon). Results
show that AutoML can be considered a pow-
erful approach to support the model selection
problem in crash severity prediction.

Keywords: Crash severity prediction,
Supervised learning, Automated machine
learning, Computational intelligence.

1 Introduction

Traffic crashes are one of the leading causes of death
and injuries worldwide, with approximately a total of
1.35 million deaths each year [5]. To deal with this
public issue and its associated social and economic
consequences, the 2030 Agenda for Sustainable De-
velopment introduces the goal of reducing by half the
world number of deaths and injuries resulting from
traffic accidents [4]. In this context, a suitable strategy
to address traffic accidents is the design, development,
and implementation of road safety systems within In-
telligent Transportation Systems (ITS) [20]. Their pri-
mary purpose is predicting crashes and classify their
severity to give policy-makers valuable information,
which then can be used to improve traffic flows man-
agement and increase road safety.

Traditionally, statistical modeling techniques have
been used to predict crashes and classify their severity
[16, 21]. However, those approaches usually have lim-
itations dealing with uncertainty and large volumes of
data. Currently, the recent emergence of telecommuni-
cations technologies integrated into transportation in-
frastructure generates vast volumes of traffic data. This
unprecedented data availability and growing computa-
tional capacities have incremented Machine learning
(ML) to address the prediction of crashes and their
severity. From a ML perspective, crash severity pre-
diction is focused on building a predictive model using
historical data to make predictions of accident severity
based on new and unseen data [22].

Transportation literature reports a great variety of ML
methods that can be used for crash severity prediction
[13, 22]. However, despite such availability of meth-
ods, there is no unique ML algorithm that can be com-
petitive in all kinds of traffic crash data, such as is
stated by the no free lunch theorem [26]. Therefore,
deciding the best ML method for the problem at hand is
a complex problem that makes expert ML knowledge
necessary while maintaining demanding time, human
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effort, and high computational capacities.

Automated machine learning (AutoML) arises as a
promising approach to reduce the human effort and
time cost of ML in research areas wherein specialized
ML knowledge is an asset not always available or af-
fordable, such as transportation and ITS. AutoML aims
at automatically finding the best combination of pre-
processing techniques, ML algorithm and hyperparam-
eters that maximize a performance measure on given
data without being specialized in the problem domain
where the data comes; the latter is known as general-
purpose AutoML [15]. AutoML methods have been
successfully used in other areas; however, an extensive
analysis to determine their strengths and weaknesses
has not been carried out in very diverse learning tasks,
such as crash severity forecasting. To the best of our
knowledge, only a few papers have applied concepts of
AutoML in the transportation domain, specifically in
supervised traffic forecasting [6, 7, 8, 24]. Thus, other
transportation areas, such as crash severity prediction
that poses multiple challenges to the ML paradigm, re-
mains unexplored by AutoML.

In this research, our objective is to determine to what
extent general-purpose AutoML can be competitive
against the ad hoc method on crash severity predic-
tion modeled from a supervised learning perspective.
To accomplish this aim, we test 3 state-of-the-art Au-
toML methods (Auto-Sklearn [10], TPOT [19], Auto-
Gluon [9]), whose inner search strategies to automat-
ically find competitive ML methods are based on 1)
meta-learning, optimization, and ensemble learning,
2) genetic programming, and 3) stacking and ensem-
ble learning, respectively. We compare the AutoML
methods versus the general approach in crash sever-
ity prediction, which consists of selecting the best of
a set of commonly used ML algorithms. Concretely,
we contrast AutoML results with five ML methods
(Gradient Boosting, Gaussian Naive Bayes, k-Nearest
Neighbors, Multilayer Perceptron, Random Forest) in
the task of forecasting the severity of crash accidents.
The main contributions of this work are:

• To determine the benefits in terms of performance
and human effort of general-purpose AutoML in
supervised crash severity prediction.

• To characterize the performance of a set of
ML methods against general-purpose AutoML in
crash severity prediction.

• To test the performance of AutoML based on 1)
meta-learning, optimization, and ensemble learn-
ing, 2) genetic programming, and 3) stacking and
ensemble learning in supervised crash severity
forecasting.

The rest of this paper is structured as follows. Section
2 presents background and related work about ML and
AutoML methods in crash severity prediction. Section
3 exposes the methodology followed in this paper to
carry out the proposed experimentation. Then, Section
4 analyzes the main results obtained. Finally, conclu-
sions are discussed in Section 5.

2 Background and Related Work

This section reviews the background and literature re-
lated to ML and AutoML. We start, in Section 2.1,
summarizing common data sources and the modeling
approaches of ML in crash severity prediction. Then,
Section 2.2 introduces the background of general-
purpose AutoML and its influence in the transportation
area.

2.1 Machine learning in crash severity prediction

Crash severity forecasting is designed to aid decision
making and planning before accidents occur. Thus,
it is possible to minimize the impact on human losses
and improve the safety of the roads [29]. The forecast-
ing of accidents can be done using different predictive
approaches to analyze and determine the influence of
various parameters on accident rates. The latter makes
it feasible, on the one hand, to evaluate the effective-
ness of the proposed forecasting methods and, on the
other hand, to introduce new strategies to increase road
safety [17].

Research, innovation, and development efforts aimed
at analyzing and forecasting road accidents are increas-
ing due to ITS development and the increased avail-
ability of traffic data. Therefore, the evolution of road
accident prediction is exposed to a change in the pre-
diction paradigm focusing on data-driven models, es-
pecially ML, and leaving aside traditional methods.
From a ML perspective, crash severity prediction is
approached by building a model from historical data
to make predictions on new and unseen data [13, 25].
Different ML approaches can be used depending on
the type of input and output (predicted) data. When
the traffic measure to be forecasted is continuous, it
should be approached as a regression problem; other-
wise, a classification perspective can be implemented.

The transportation literature reports a significant num-
ber of ML methods that can be used to predict crash
severity, such as neural networks, decision trees, and
random forest, among others [13]. Using these meth-
ods, we can find works that have approached the pre-
diction of crashes based on diverse data sources like
GPS traces [27] or open government data portals [18].
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Nevertheless, given the broad wide range of ML algo-
rithms, there are no clear baselines that guide the pro-
cess of selecting the most appropriate algorithm and
its best hyperparameter setting for a particular crash
severity problem at hand. In ML, this challenge is
known as the model selection problem AutoML is one
of the most successful approaches to address it so far.

2.2 Automated Machine Learning

According to [30], a ML pipeline P can be defined as
a combination of algorithms A that transforms input
data X into target values Y . Wherein A is composed
of Apreprocessing, a subset of preprocessing techniques,
A f eature that is a subset of feature engineering meth-
ods, and Aalgorithm, a ML algorithm with a configura-
tion of hyperparameters λ i ∈Λ. To build a ML pipeline
with this structure, human effort, and high computa-
tional capacities are needed because no pipeline can
achieve good performance on every learning problem
[28]. This is usually done by data scientists who use
their specialized knowledge or non-expert users who
tackle the problem through a trial and error approach.

AutoML is an emerging area that automatically finds
the best combination of preprocessing techniques
and/or ML algorithm and its hyperparameters. The
purpose is to improve a specific performance metric on
a given dataset without being specialized in the prob-
lem domain wherein this data comes from [15]. Hence,
AutoML reduces human bias and improves computa-
tional costs by making the construction of ML applica-
tions more efficiently.

Current literature [28, 15, 30] reports a variety of
AutoML approaches. Within the most representative
methods, we can find Auto-Sklearn [10], TPOT [19],
and AutoGluon [9]. These are the AutoML methods
considered in this paper, and a short description of
them is presented below.

• Auto-sklearn: An AutoML method uses meta-
learning, Bayesian optimization, and ensemble
selection to find promising ML pipelines com-
posed of preprocessing methods and one ML clas-
sifier. The pipelines are generated from a search
space of 15 classifiers, 14 feature preprocessing
techniques, and 4 data preprocessing methods.
The interested reader is referred to [10] for fur-
ther details.

• TPOT: It is an AutoML method that uses ge-
netic programming to design and optimize ML
pipelines, which maximize the classification ac-
curacy for a given supervised learning dataset. At
its core, TPOT has a search space of 6 classifiers,

5 feature preprocessing methods, and 7 data pre-
processing methods. The interested reader is re-
ferred to [19] for further details.

• AutoGluon: It is an AutoML based whose search
strategy of ML pipelines is based on bagging,
stacking, and ensemble learning. Its search space
is composed of 6 classifiers and 2 data preprocess-
ing approaches. The interested reader is referred
to [9] for further details.

In the transportation area, to the best authors’ knowl-
edge, only a few papers have used AutoML methods
in this knowledge domain [24, 8, 6]. The first research
carried out by Vlahogianni et al. [24] proposed a sur-
rogate modeling technique that optimizes both the al-
gorithm selection and the hyperparameter setting. The
AutoML task is performed from an algorithms base of
3 ML methods to forecast average traffic speed.

After that, Angarita et al. in [7, 6, 8] tested Auto-
Sklearn and AutoWEKA [23] in the prediction of traf-
fic modeled as a supervised learning problem. Those
papers compared the performance of AutoML w.r.t.
the general approach in traffic forecasting, which con-
sists of selecting by trial and error the best of a set
of algorithms. The authors found that Auto-Sklearn
and AutoWEKA are competitive approaches and have
difficulties with the time horizon of predictions. As
the horizon increases, the performance of the methods
tends to fall. The latter is a crucial issue within Au-
toML that needs to be improved because, in the trans-
portation domain, policy-makers require information
about the evolution of traffic over the short- and long-
term to improve traffic management.

The main differences between this research and the
previous papers lay in the transportation problem ap-
proached and the AutoML methods considered. In this
work, we are dealing with crash severity prediction
modeled as a supervised classification problem (see
Section 3.2). Thus, this would be the first time that
the performance of AutoML is studied in road safety
systems. The latter could offer clues about how use-
ful it could be AutoML in a research area wherein ex-
pert ML knowledge is an asset not always available
or affordable. We are also applying AutoML methods
based on genetic programming and bagging-stacking-
ensemble learning, which are AutoML approaches not
previously considered in the transportation area.

3 Methodology

This paper seeks to answer whether general-purpose
AutoML can be competitive against the ad hoc method
on crash severity prediction modeled from a supervised
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learning perspective. To accomplish such purpose, we
compare to what extent the results of AutoML differ
from the general approach in crash severity prediction
in which a set of baseline algorithms is tested over the
forecasting problem at hand, and the one with the best
performance metric is chosen.

The following parts of this section are devoted to
present the case study and its raw data in Section 3.1.
Next, Section 3.2 introduces the datasets considered
for this paper that were generated from the raw data.
Then Section 3.3 shows the experimental set-up pro-
posed, which includes the performance metrics, the
methods for the experimentation, and the statistical
tests selected to compare the methods.

3.1 Case Study and Raw Data

The 2019 report of the Colombian National Observa-
tory of Road Safety points out 180.373 records of acci-
dents. The latter indicates that, out of every 10 people
involved in crash events, 4 end up injured and 1 dies
[2]. In Colombia, the departments of Antioquia and
Cundinamarca in their capital cities (Medellín and Bo-
gotá) are reported as the places with the highest acci-
dent rate in the country. Within this research, we focus
on the case of Medellín.

Medellín is the second most populated city of Colom-
bia after Bogotá. It has a particular topography located
at the Aburrá Valley in the central mountain range
of the Andes. In 2019, the city had a population of
2.490.164 inhabitants. The Single National Registry
of Traffic [3] reports that between 2016 and 2019,
the number of cars in Medellin has been increasing
steadily, equivalent to a 14.3% annual increase, which
could be a potential factor to increase road accidents.

The raw data to be analyzed in this study is ob-
tained from Medellín’s open data portal: MeDATA
(www.medata.gov.co). The data corresponds to traffic
incidents registered by the Mobility Secretary of the
Mayor’s Office of Medellín between 2014 and 2018
(see Figure 1). For the particular case of this data,
a traffic incident is understood as: "an event, gener-
ally involuntary, generated by at least one vehicle in
motion, which causes damage to people and goods in-
volved in it, and also affects the normal circulation of
vehicles moving along the road or roads in the place or
within the area of influence of the event" [1].

3.2 Datasets

From the raw data presented above, we generate 5
datasets wherein each of them corresponds to 1 year
of historical data. Crash severity is the variable to be
predicted, and it has two possible labels that character-

Figure 1: Sample of car accidents in Medellin between
2014 and 2018

Table 1: Datasets description
Dataset Instances Distribution of Classes

People injured Only material damages
Dataset 2014 41.776 23.198 18.578
Dataset 2015 42.427 23.550 18.877
Dataset 2016 46.838 26.594 20.244
Dataset 2017 42.443 22.917 19.526
Dataset 2018 46.655 24.247 22.408

ize the severity of an accident: people injured and only
material damages. Therefore, we model the objective
variable as a supervised binary classification problem.

Each dataset contains the same 9 attributes composed
of traffic-related and calendar features. Traffic at-
tributes are Type of accident, GPS coordinates of the
accident, and Type of road wherein the accident oc-
curs. Whereas calendar features are Minute, Hour,
Day of the week, Day of the year, and Month. Table
1 presents a summary of binary datasets used in the
experimentation.

3.3 Experimental set-up

In this section, we present the metric used to measure
performance, the methods chosen, the statistical test
to compare the performance of the methods, and the
hardware choice to carry out the experimentation.

• Performance metrics: For this paper’s results,
we follow the same experimental set-up proposed
in the AutoML benchmark of [12]. It is the stan-
dard to make fair comparisons between AutoML
approaches and baseline algorithms. In partic-
ular, the area under the receiver operator curve
(ROC_AUC) is used for the binary classification
problems considered in this study. Besides, the fi-
nal score achieved by every method is the average
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of a ten-fold cross-validation process.

• AutoML methods and Baseline: AutoML com-
petitors are Auto-Sklearn (As), TPOT (Tp), and
AutoGluon (Ag) with its default hyperparameter
values using three execution times: 15, 60, and
150 minutes. The latter corresponds to the time
that the methods take to find the best ML al-
gorithm and its hyperparameter configuration for
a given dataset. The assumption is that longer
time budgets lead to better results; therefore, such
a progressive increase from 15 to 150 minutes
should exemplify the expected behavior [14]. Ad-
ditionally, every execution time assigned to a par-
ticular AutoML method is considered as an indi-
vidual AutoML competitor.

As baseline methods, we use Gradient Boosting
(GrB), Gaussian Naive Bayes (GnB), k-Nearest
Neighbors (kNN), Multilayer Perceptron (MLP),
and Random Forest (RF) 1. Finally, it is rele-
vant to highlight that we have not performed any
optimization or extra-adjustment of the AutoML
methods’ hyperparameters neither the baseline.
The latter is justified because our aim is to com-
pare the performance of AutoML versus the base-
line using the same human effort for both of them
to carry out a fairer comparison.

• Statistical tests: We made use of non-parametric
statistical tests to assess the differences in perfor-
mance of the methods. Two statistical tests are
used following the guidelines proposed in [11].
First, Friedman’s test for multiple comparisons
is applied to check whether there are differences
among the methods. Then, the Holm’s test is used
to check whether the differences of the Friedman
ranking are statistically significant or not.

• Hardware choice: We opted to use a cluster
based on Centos 7.6 with kernel 3.10.0, and us-
ing QuadCore Intel Xeon processors of 16 GB of
RAM.

4 Results

The objective of the experimentation done in this paper
is two-fold:

• To compare the competitiveness and the signif-
icance of general-purpose AutoML versus the 5
baseline algorithms in forecasting crash severity.

• To assess the performance of general-purpose Au-
toML based on 1) meta-learning, optimization,

1All baseline methods correspond to the default imple-
mentations provided by Scikit-learn 0.20 library.

and ensemble learning, 2) genetic programming,
and 3) bagging, stacking, and ensemble learning
in supervised accident severity forecasting.

To make the aforementioned analysis, we show the re-
sults obtained by the 3 AutoML methods (As, Ag, Tp),
considering 3 execution times for each of them (15,
60, 150 minutes), and the 5 baseline algorithms (GrB,
GnB, kNN, MLP, RF) in Figures 2 and 3.

Figure 2 exposes a barplot with the results obtained by
every method along the 5 datasets considered in this
experimentation. The Y-axis represents the ROC_AUC
value of each method after the 10 cross-validation pro-
cess. In contrast, X-axis has the datasets in which
the methods were evaluated to obtain the reported
ROC_AUC values. Complementarily, Figure 3 shows
a boxplot with information about the distribution of the
results shown in Figure 2, but in this case, they are de-
picted in an aggregated form. The latter means that the
Y-axis shows the averaged ROC_AUC values of each
method in the 5 datasets, while the X-axis represents
the evaluated methods.

Figure 2: ROC_AUC results of every method along the
5 datasets considered.

Beginning with the results shown in Figure 2, we can
point out that all AutoML approaches and the baseline
algorithms, except kNN, have acceptable performance
in all the datasets. As a general overview, almost all
the methods achieve at least 80% of accuracy in the 5
datasets. In the AutoML methods, regardless of each
of them’s inner search strategy, their performance is
homogeneous across 4 datasets, with a special high
performance in dataset 2018. Regarding the algorithms
of the baseline, GrB, MLP, and RF are the best meth-
ods. For the latter case, it is relevant to highlight the
performance of GrB, which is the baseline method able
to have very similar results with respect to AutoML
methods. The latter is interesting because it has not
been considered baseline in the open AutoML bench-
mark [12], and it could be included in future AutoML
works to make a comparison against ML algorithms.
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Figure 3: Aggregated ROC_AUC results of each eval-
uated method.

Regarding the aggregated performance of the meth-
ods displayed in Figure 3, we can state that AutoML
results are quite similar under the 3 execution times
(15, 60, and 150 minutes) evaluated. There is no Au-
toML method that consistently outperforms all Au-
toML competitors. The latter is consistent with other
results of AutoML in transportation problems wherein
longer run times do not necessarily lead to drastically
better results [6, 7]. For the case of As (based on meta-
learning, optimization, and ensemble learning) and Ag
(based bagging, stacking, and ensemble learning), they
get slight score improvements as their allocated time
budget increases. On the other hand, TPOT (based on
genetic programming) cannot achieve gains in its per-
formance regardless of the execution time considered.

In comparison to the baseline, AutoML methods per-
form better than GnB, kNN, MLP, and RF; however,
they do not outperform GrB, which is the best method
of the baseline. These results are interesting because
to get the conclusion that GrB is the best method in the
baseline and a strong competitor of AutoML, the hu-
man user should run all the algorithms in the baseline
overall datasets and compare their performance among
them, which is a time-consuming task. However, run-
ning any of the AutoML methods with at least a short
execution time and employing less human effort, the
user can achieve similar or better results than those ob-
tained with GrB.

Finally, to assess whether the differences in perfor-
mance observed in Figures 2 and 3 are significant or
not, we made use of non-parametric statistical tests.
Two statistical tests have been applied following the
guidelines proposed in [11]. First, Friedman’s test
for multiple comparisons has been applied to check

whether there are significant differences between the
AutoML methods and the baseline. Then, the Holm
post-hoc test has also been applied to assess the signif-
icance of the differences in performance.

Table 2: Friedman’s average ranking and p-values ob-
tained through Holm post-hoc test using As_150m as
control method.

Method Av. Ranking p-values
As_150m 2.6 -
As_60m 2.7 0.97

GrB 3.6 0.71
Ag_150m 6 0.20
Tp_15m 6.2 0.17
Tp_60m 6.2 0.17

Tp_150m 6.2 0.17
As_15m 6.7 0.12
Ag_60m 7 0.10
Ag_15m 8 0.04

RF 11.3 0.001
MLP 11.5 0.0007
GnB 13 0.00008
kNN 14 0.00001

Considering that the p-value returned by these tests
was 0, the null hypothesis can be rejected. Thus, the
mean ranking returned by the test is displayed in Ta-
ble 2, confirming the better global results of AutoML
methods and GrB. Besides, Holm post-hoc test has
used As_150m as control algorithm (because it is the
method that achieved the best overall performance)
to assess the significance of the differences in perfor-
mance with respect to the other algorithms. Table 2
presents the adjusted p-values returned by this test.
In order to highlight significant differences, those p-
values lower than 0.05 are shown in bold. Looking
at Table 2, there are important differences in the test’s
outcomes. It can be said that As_150m is statistically
better than Ag_15m, RF, MLP, GnB, and kNN, but not
to Ag, Tp, and GrB.

5 Conclusions

In this work, we aimed at deepening into the benefits
of AutoML for supervised crash severity prediction.
Concretely, we have presented and compared to what
extent the results of AutoML differ from the general
approach in crash severity forecasting, which is based
on choosing the best method from a set of predefined
algorithms. We used Auto-Sklearn, TPOT, and Auto-
Gluon as AutoML methods; whereas, Gradient Boost-
ing, Gaussian Naive Bayes, k-Nearest Neighbors, Mul-
tilayer Perceptron, and Random Forest were the base-
line methods. The comparisons were made on the pre-
diction of crash severity modeled as a supervised clas-
sification problem. The performance of the methods
was measured using the ROC_AUC metric, and they
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were tested on a real case study consisting of traffic
accident data from the city of Medellín, Colombia.

The analysis of the obtained results showed that, in the
case of AutoML, Auto-Sklearn was the approach with
better performance than the other AutoML competi-
tors. Although with no significant differences among
them, Auto-Sklearn with 150 minutes of execution
time was the method located in the first position of
Friedman’s average ranking. Regarding the baseline
methods, Gradient Boosting was the best algorithm
of the baseline and had comparable performance with
AutoML methods. From a general view, AutoML is
statistically better than RF, MLP, GnB, and kNN, and
the transportation user can expect similar or even better
results than the best baseline methods with a lower hu-
man effort. We have shown that Auto-Sklearn and Au-
toGluon can be considered powerful approaches that
can support the model selection problem and improve
the accuracy of the predictions in the domain of crash
severity forecasting.

Further research lines that we aim to explore are: com-
paring the performance of AutoML in different case
studies to corroborate whether its competitiveness is
consistent through diverse crash accident settings; and
carrying out a feature importance study to determine
what are the attributes of crash severity data that more
influence the performance of AutoML.
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