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a b s t r a c t

Today’s ultra-connected world is generating a huge amount of data stored in databases and cloud
environment especially in the era of transportation. These databases need to be processed and analyzed
to extract useful information and present it as a valid element for transportation managers for further
use, such as road safety, shipping delays, and shipping optimization. The potential of data mining
algorithms is largely untapped, this paper shows large-scale techniques such as associations rule
analysis, multiple criteria analysis, and time series to improve road safety by identifying hot-spots
in advance and giving chance to drivers to avoid the dangers. Indeed, we proposed a framework
DM-MCDA based on association rules mining as a preliminary task to extract relationships between
variables related to a road accident, and then integrate multiple criteria analysis to help decision-
makers to make their choice of the most relevant rules. The developed system is flexible and
allows intuitive creation and execution of different algorithms for an extensive range of road traffic
topics. DM-MCDA can be expanded with new topics on demand, rendering knowledge extraction
more robust and provide meaningful information that could help in developing suitable policies for
decision-makers.

© 2019 Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Data mining is a non-trivial process of identifying valid, novel,
potentially useful and ultimately understandable patterns in data
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[1,2]. It provides several techniques such as association rules
analysis, clustering, classification and sequence analysis to extract
useful information from datasets. Association rules mining is a
powerful technique for discovering correlation and relationships
between objects in the database, it considers conditional inter-
action among input datasets, and produce decision rules of the
form IF-THEN. Association rules have been used successfully in
many areas among them e-commerce systems, recommendation,
medical diagnosis, medical research, telecommunications, text
mining, and transportation.

The rest of this paper is organized as follows: The next section
presents a survey on related works. In the Software Framework
section, we presents the architecture and features of the frame-
work. Finally, in implementation and empirical results section, we
describe in detail a use case on road accident data.

2. Problems and background

Recently in the era of a road accident, the development of
technologies, the internet of things and autonomous cars gen-
erate huge data stored in a cloud environment and databases.
These data constitute the main source for future decisions, in-
deed, knowledge extraction using association rules techniques
is becoming increasingly complex and tedious due to various
techniques and algorithms proposed in the literature. To over-
come these challenges, many approaches have been proposed
to analyze road accidents data. In this context, Kuhnert et al.
used CART and MARS identified potential areas of risk, largely
caused by the driver situation [3]. Ossenbruggen et al. [4] used
logistic regression models to analyze the factors involved in ac-
cidents and found that shopping areas were more dangerous.
Chang and Wong [5] developed a CART model to analyze the
relationship between drivers, the severity of the injury and the
highway environment. Anderson [6] studied the spatial patterns
of road accident injury and used the resultant patterns to create a
classification system for road accident hot-spots. Kumar et al. [7]
used association rules to characterize road accident locations.

Other association rule mining algorithms have been widely
used in the literature to extract frequent itemsets and extract
association rules. These algorithms are based primarily on mini-
mum support and minimum confidence. However, most of them
produce a large number of rules, which prevents decision-makers
from making their selection of the most relevant ones. There-
fore, it is necessary to help users in the validation task by im-
plementing a user graphical interface to extract and evaluate
associations rules. In this context, we proposed a framework
based on data mining techniques and multiple criteria analysis
to extract relevant association rules applied to road accident
data. The framework is based on four major steps: the first is
data processing, the second is association rules extraction using
Apriori algorithm [2], the third is association rules ranking using
multiple criteria analysis (Electre Tri method [8]), and the last one
is Times Series analysis (ARIMA model [9]) to predict injuries and
deaths in different districts.

3. Software framework

3.1. Software architecture

In this paper we proposed a framework for data mining and
multiple criteria analysis, the architecture is shown in Fig. 1. The
main modules are data processing, association rules, multiple
criteria analysis, and time series. The data processing module
allows users to process and prepare data to be used by pat-
tern mining algorithms that enable users to extract association
rules based on some input thresholds (minimum support and

minimum confidence). Afterward, the system allows users to
use multiple criteria analysis to choose the most relevant rules
and assign the result to different relevant categories. Finally, the
user can predict death and injuries based on time series analysis
(ARIMAmodel [9]). The framework was implemented using R [10]
and r shiny [11], the r shiny was used to develop interactive and
user-friendly interfaces of a different process. The list of available
data-sets related to road accident used for the demo is placed in
the local data sources. Moreover, the framework can be expanded
with new datasets on demand, rendering information retrieval
more robust.

3.2. Data processing

For each injury accident, information describing it are col-
lected by the law enforcement unit (police) intervened in the
accident location. This information is collected in a form called
accident analysis bulletin that constitutes the national file of
road accidents. The dataset extracted from the accident analysis
bulletin, list the totality of the injuries accidents during a couple
of years in Morocco1 with a simplified description. This includes
information on the location, drivers, as well as the characteristics
of the accident, the vehicles involved and victims, etc.

Data processing is a very important step, but unfortunately
often overlooked in the data mining process. To obtain powerful
predictive models, it is crucial to prepare data, detect anomalies
and determine cleaning steps. Preprocessing is one of the impor-
tant tasks in data mining, it mainly presents the elimination of
noise, missing values, and removal of irrelevant attributes. The
templates of data source and decision matrix are provided in the
system to facilitate the integration and analysis of a new dataset.

3.3. Association rules mining

Association rules technique is a powerful technique for dis-
covering relationships between variables in databases. It was
initiated by Agrawal [2], for the first time, to analyze transactional
databases. It is usually defined as an implication of the form
A → B such as A, B ⊂ I and A ∩ B = ∅. Each rule is composed of
two different sets of items A and B, where A is called antecedent
or left-hand-side (LHS) and B called consequent or right-hand-
side (RHS). To select interesting rules from the set of all possible
rules, constraints on various measures of significance and interest
are proposed in the literature [12]. The best-known constraints
are the support, confidence and the lift, the support is defined as
the proportion of transactions in the database which contain the
items A:

Supp(A → B) = Supp(A ∪ B) =
|t(A ∪ B)|

t(A)
(1)

The confidence determines how frequently items in B appear
in a transaction that contains A, the formal definition is:

Conf (A → B) =
Supp(A ∪ B)
Supp(A)

(2)

The lift computes the ratio between rule’s confidence and the
support of itemset in the rule consequent, the formal definition
is:

Lift(A → B) =
Conf (A ∪ B)
Supp(B)

(3)

1 https://en.wikipedia.org/wiki/Morocco

https://en.wikipedia.org/wiki/Morocco
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Fig. 1. Overview of system architecture.

3.4. Multiple criteria analysis (MCA)

MCA is a sub-field of operational research, and management
science, dedicated to the development of decision support tools.
In the field of multiple criteria analysis, Roy [13] distinguishes
three types of problematic: choice, sorting, and ranking.

In our context of a large number of extracted rules from the
accident database, we are interested in the multiple criteria sort-
ing problematic precisely, in an existing method called ELECTRE
TRI [14]. When using this method, the decision-makers must de-
termine the values of several thresholds. Let A = {a1, a2, a3, . . . ,
am} denote the set of alternatives, C = {C1, C2, C3, . . . , Ch} the set
of categories, and B = {b1, b2, b3, . . . , bh} the set of profiles (the
profiles defining the limits of the categories). The alternatives are
compared, not with each other, but with thresholds reflecting the
boundary between h categories. ELECTRE TRI assigns alternatives
to categories by validating the assertion aSbh, whose meaning is
‘‘a is at least as good as bh’’, the consecutive steps are:

1. Computation of the partial concordance indices cj(a, bh):

Cj(a, bh) =

⎧⎨⎩
0 if gj(bh) − gj(a) ⪰ pj(bh)
1 if gj(bh) − gj(a) ⪯ qj(bh)

if not pj(bh)+gj(a)
pj(bh)−qj(bh)

(4)

2. Computation of the discordance indices dj(a, bh):

dj(a, bh) =

{ 0 if gj(ah) ⪯ gj(bh) + pj(bh)
1 if gj(ah) ≻ gj(bh) + vj(bh)

if not ∈ [0, 1]
(5)

3. Computation of the credibility indices σ (a, bh):

σ (a, bh) = C(a, bh)
∏
j∈F

1 − dj(a, bh)
1 − C(a, bh)

(6)

where: Kj is the weight of criteria j
Cj(a, bh) is the partial concordance index of criteria j
F = j ∈ F : dj(a, bh) > C(a, bh)

3.5. Time series analysis (TS)

Another part of the system is to predict the number of injuries
and deaths from road accident data. In this context, we used
time series [15]. It is a finite sequence of time-indexed data
(x1, . . . , xn), the time index can be a minute, hour, day, year, etc.
Time series can be seen as a series of repeated observations of the
same phenomenon at different dates (for example the number of
daily average accidents at a given location). We usually represent
a time series using a graph in abscissa dates and ordinate the
values observed, for instance, we used ARIMA model [9].

When stationarity is not an issue, then we can define an
autoregressive moving average or ARMA model as follows:

Yt =

p∑
i=1

φiYt−1 + at −

q∑
j=1

θiat−j (7)

where φ1, . . . φp are the autoregressive parameters to be es-
timated, θ1, . . . , θq are the moving average parameters to be
estimated and a1, . . . , at are a series of unknown random errors
that are assumed to follow a normal distribution.

ARIMA is the abbreviation for AutoRegressive Integrated Mov-
ing Average. Auto-Regressive (AR) terms refer to the lags of the
differenced series, Moving Average (MA) terms refer to the lags
of errors and I is the number of difference used to make the time
series stationary. The steps to be followed for ARIMA modeling
are:

1. Exploratory analysis
2. Fit the model
3. Diagnostic measures

4. Implementation and empirical results

Road accidents have emerged as an important public health
problem in the world, according to World Health Organization
[16], 1.24 million people die in road crashes each year and as
many as 50 million are injured. In this study, the data were
obtained from the Ministry of Equipment, Transport, and Logis-
tics (METL) [17] in the province of Marrakesh (Morocco). More-
over, nineteen variables were used (Table 1) to identify the main
factors that affect road accident [18].

The implementation of the system is based on R [10] and R
shiny [11], the open-source programming language and software
environment for statistical computing and graphics. The server is
composed of two components: R studio Server, shiny server and
R packages for association rule mining and visualization. R shiny
is an R package that makes interactive web applications easy to
build directly using R. The web application is interactive, scalable,
suitable for data retrieval and analysis and can be used in big data
environment by using SparkR.

After cleaning and transforming different data sources related
to road accidents into a CSV file, data mining algorithms (Apriori
algorithm, etc.) analyze the input data to extract association rules
(Figs. 2 and 3). Next, these extracted rules used as input elements
to the multiple criteria analysis algorithms for choosing the most
relevant rules according to decision-makers preferences.

The second part presents the use of multiple criteria analysis
for selecting relevant rules (Fig. 4). The third part is reserved for
time series analysis to understand the evolution of a series of
numerical values to predict their future behavior.

Another component of the system is time series analysis to
predict the number of injuries and deaths from road accident
data. Fig. 5 represent a time series that correspond to the fore-
casts of injuries and deaths in our case study.

The projection of the data on the map is given in Fig. 6 and
shows the details of accidents in terms of injuries, deaths, and
types of vehicles, etc.

In summary, the integration of association rules techniques
within multiple criteria decision analysis has contributed overall
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Fig. 2. Summary of extracted rules.

Fig. 3. Graph of extracted rules.

Fig. 4. Extract relevant association rules using multiple criteria analysis.

Fig. 5. Prediction of death and injuries using time series.
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Table 1
Attributes and factors of road accident.
Attribute name Values Description

Accident_ID Integer Accident ID
Accident_Type Fatal, Injury, Property damage Accident type
Driver_Age ≺ 20, [21–27], [28–60] ≻ 61 Driver age
Driver_Sex M, F Driver sex
Driver_Experience ≺ 1, [2–4], ≻ 5 Driver experience
Vehicle_Age [1–2], [3–4], [5–6] ≻ 7 Service year of the vehicle
Light_Condition Daylight, Twilight, Public lighting, Night Light condition
Weather_Condition Normal weather, Rain, Fog, Wind, Snow Weather condition
Road_Condition Highway, Ice road, Collapse road, Unpaved road Road condition
Road_Geometry Horizontal, Alignment, Bridge, Tunnel Road geometry
Road_Age [1–2], [3–5], [6–10], [11–20] ≻ 20 Road age
Time [00–6], [6–12], [12–18],[18–00] Accident time
City Marrakesh, Casablanca, Rabat... City
Particular_Area School, Market, Shops... Particular area
Season Autumn, Spring, Summer, Winter Seasons of year
Accident_Causes Alcohol effects, Fatigue, Loss of control, Speed, Causes of accident

Pushed by another vehicle, Brake failure ...
Number_of _injuries 1, [2–5], [6–10] ≻ 10 Number of injuries
Number_of _death 1, [2–5], [6–10] ≻ 10 Number of deaths
Victim_Age ≺ 1, [1–2], [3–5] ≻ 5 Victim age

Fig. 6. Visualization of accidents in the city of Marrakesh (Morocco).

to a better understanding of the dynamics of road accidents and
could provide meaningful information that can help the decision-
makers and logistics managers to improve the performances of
transport quality and road safety optimization [18].

5. Conclusions

In this paper, we presented an open-source software for infor-
mation retrieval (IR) to illustrate the contribution of our different
proposed approaches by combining data mining, in particular, as-
sociation rules and multiple criteria analysis. The software allows
decision-makers to have an overall view of the problem being
addressed. The integration of multiple criteria analysis within the
association rule mining process provides a sustainable solution
by selecting only the most interesting rules according to the
decision-maker’s preferences. We conclude that the application
of multiple criteria decision analysis to a set of extracted rules
can contribute to solving the problem that arises when using tra-
ditional algorithms, in terms of redundancy and non-interesting
rules. The system actively supports end-users in adding new
datasets on a various range of topics.

In future work, we aim to extend the system to cover more
data mining algorithms, multiple criteria analysis, and visualiza-
tion techniques.
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