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Abstract. Identifying the correlations between the attributes of severe accidents could be vital to preventing them. If such
relationships were known dynamically, it would be possible to take preventative actions against accidents. The paper aims
to develop an analytical model that is adaptable for each type of data to create preventative measures that will be suitable
for any computational systems. The present model collectively shows the relationships between the attributes in a coherent
manner to avoid severe accidents. In this respect, Association Rule Mining (ARM) is used as the technique to identify the
correlations between the attributes. The research adopts a positivist approach to adhere to the factual knowledge concern-
ing nine different accident types through case studies and quantitative measurements in an objective nature. ARM was
exemplified with nine different types of construction accidents to validate the adaptability of the proposed model. The
results show that each accident type has different characteristics with varying combinations of the attribute, and analytical
model accomplished to accommodate variation through the dataset. Ultimately, professionals can identify the cause-effect
relationships effectively and set up preventative measures to break the link between the accident causing factors.

Keywords: accident analysis, Association Rule Mining, data mining, network analysis.

Introduction

The construction industry has evolved into incredibly
complex structures due to significant developments in
technology. This evolution brings along with it some seri-
ous issues; in other words, complexity has created an in-
creased level of problems in occupational health and safe-
ty (OHS). Throughout history, attempts have been made
to take precautions to prevent death or serious injuries. In
this respect, OHS is becoming a significant concern that
requires detailed investigations.

In 2015, 3.2 million non-fatal accidents, each of which
resulted in the loss of at least four calendar days, and 3,786
fatal accidents were recorded in European Union countries
(EU-28) in total (Eurostat, 2015). In addition, 2.8 million
non-fatal accidents leading to 882,730 lost workdays and
5,147 fatalities occurred in the US in 2017 (U.S Bureau of
Labor Statistics, 2017). According to Eurostat (2015) and
the U.S Bureau of Labor Statistics (2017), 21% and 20.7%
respectively of fatal occupational accidents occurred in the
construction industry. These statistics show that the rate of
accidents is so high that it cannot be ignored.

Construction projects have different properties, such
as scope, geographical conditions, and risk factors (Proj-
ect Management Institute [PMI], 2008). Such variations
make each project unique and too complicated for the
creation of systematic approaches to solving the prob-
lems of industry. As mentioned above, one of the biggest
challenges in construction is decreasing or even avoiding
harm to people or the environment. Although there is no
easy way to prevent safety failures, accidents are the work
events that can be avoided by implementing the following
procedures adequately. These are (1) identifying the con-
tributory factors and preparing viable risk assessments ac-
cordingly, (2) taking the necessary precautions to control
the outcome of risk assessment, (3) creating and applying
strict safety procedures, and creating a sustainable envi-
ronment by employing the lessons learned the system. For
decades, researchers have also put enormous effort into
accomplishing these.

The first step in preventing accidents is to identify
the attributes leading to occupational accidents accu-
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rately. Various methods have been applied to determine
which attribute or attribute groups lead to accidents. For
instance, Mohammadi et al. (2018) applied qualitative
content analysis to categorize underlying reasons for con-
struction accidents after reviewing papers, which concen-
trated on exploring the safety factors, and they developed
a hierarchical framework for measuring how vital these
attributes were. There are several studies previously con-
ducted in order to investigate the correlation of contribu-
tory factors of occupational accidents in construction sites
via Association Rule Mining (ARM) (e.g., Liao & Perng,
2008; Cheng et al., 2010; Verma et al., 2014; Shin et al.,
2018; Guo et al., 2019; Liao et al., 2019). Some other stud-
ies established a predictive model and introduced a simple
preventative measure that cannot be adaptable for chang-
es in data (Ayhan & Tokdemir, 2019a, 2019b, 2020). The
lacking point of the current studies is that they require an
individual examination to capture prospective risks. That
means the adaptation process of the models is not quite
well. Besides, the existing models are suffering from the
use of data, obtained subjectively. The OHS professionals
put their opinions in the recording process, so the reality
tends to diverge from it (Tixier et al., 2017). Moreover,
these studies did not question the accidents in terms of
their types individually or their similarities collectively.

In contrast to the literature, the proposed research
contributed to the literature by examining explicitly the
most commonly observed accidents at the construction
site to fulfill the gap in the literature. The study aimed
to introduce an adaptable and analytical model to extract
correlations between the attributes, inducing the construc-
tion incidents. It promoted an attribute-based prevention
system that can automatically respond to the problem no
matter the type of it is.

An arm-based analytical model is developed to show
the connection between the attributes by adhering to the
factual knowledge related to nine different accident types
through case studies. The purpose of using the association
rule mining is that the arm is a popular data mining algo-
rithm, which produced significant relationships along with
the data structure. The working logic relies on the frequent
itemset mining, which can successfully cooperate with the
incident data because the dataset encapsulates a high num-
ber of attributes with variate observation rates. Additional
analysis is carried out regardless of the type of accident to
gain a comprehensive insight about high-severe accidents
and validate the adaptability of the proposed model with
different datasets. Ultimately, the study achieved to reveal
meaningful relationships between the attributes leading
to these different types of accidents. With the help of
this study, OHS professionals can focus on each accident
type more specifically and minimize the hazardous con-
sequences by taking the necessary precautions regarding
the significant correlations identified. Moreover, obtain-
ing meaningful conclusions from the different accident
types demonstrated the compliance of the model to any
computational systems as well. Besides, the results and
the proposed methodology will be compared with the ac-
cident prevention systems given in the previous studies.

1. Occupational health and safety challenges
in the literature and practice

The seriousness of accidents’ consequences has attracted
researchers’ attention for decades. They have put a great
deal of effort into discovering the characteristics of acci-
dents by identifying the attributes. Comprehending the
underlying correlations among the trigger attributes of an
accident will provide a tremendous opportunity to prevent
work-related safety failures common to construction sites
(Winge et al., 2019).

Researchers have examined the safety issue in the con-
struction industry under several popular headings such as
safety risk, safety performance and management, studies
on specific accident types, and development of analytical
models. Although their focus is to prevent accidents, the
methodology of the studies and approaches to the prob-
lem tend to vary in each research. The studies have devel-
oped numerous analytical or expert models concerning
the outcome of safety problems, but the success of the
proposed or constituted model depends on deducing the
correlations between the attributes. The following sec-
tion shows the importance of understanding the inherent
structure of the accident cases regardless of the topic or
focus point of the study.

1.1. Safety risks

One of the most common topics that researchers have
concentrated on is safety risks based on construction pro-
jects. Camino Lopez et al. (2008) studied the accidents
that occurred in Spain. They investigated the relation-
ships between the affecting attributes and explored how
these attributes influence the severity level of accidents.
In another study, the relationships between the type of
work were associated with the accident types, and cor-
relations between them were investigated in detail (Kim
et al., 2012). Aminbakhsh et al. (2013) employed an ana-
lytical hierarchy process to prioritize the safety risk ele-
ments with the help of OHS experts. Another safety risk
assessment model was proposed to analyze different con-
struction site layouts with various safety risk levels (Ning
et al., 2018). Studies were conducted to investigate the
similarities between the safety and risk perceptions of the
stakeholders of construction projects and those of OHS
professionals (Zhang et al., 2015; Zhao et al., 2016; Liao
& Chiang, 2016). As the research discussed above, under-
standing the correlations between the attributes is critical
to preventing accidents proactively since the OHS profes-
sionals should learn how to overcome the safety risks and
how to manage risk assessment in advance.

1.2. Safety performance and safety management

Safety performance and safety management in the con-
struction site are other leading topics of construction
safety. Similar to the safety risk process, interpreting the
correlations between the attributes is becoming crucial
to satisfying better safety performance and safety assess-



Journal of Civil Engineering and Management, 2020, 26(4): 315-330 317

ment. Choi et al. (2019) proposed an approach to deter-
mine the efficacy of the wearable sensor, which measures
the physiological responses of workers. The study showed
that there is a remarkable difference between workers’ re-
sponses during low and high-risk activities (Choi et al.,
2019). In another study, the applicability of Unmanned
Aerial Systems (UAV) for safety inspection was discussed.
The research was based on an analysis of the photographs
taken by UAV to capture the hazardous working condi-
tions, which were then used to implement preventative
measures (Melo et al., 2017).

Performing safety management systems (SMS) is a
critical element for satisfying the safety environment at
construction sites. Adequate SMS requires a comprehen-
sive investigation of the attributes that contribute to ac-
cidents. Yiu et al. (2018) examined the efficiency of im-
plementing the SMS in the Hong Kong construction in-
dustry, and a similar study was performed for developing
countries in the research of Kheni et al. (2010). Root cause
analysis is commonly used to explore the core reasons be-
hind a problem. Bayesian networks (Gerassis et al., 2016)
and Social Network Analysis (Eteifa & El-adaway, 2017)
were used to determine the root causes of fatal accidents.
On the other hand, Shao et al. (2019) discovered that fatal
accidents are more frequent in summer, on Mondays and
during the time intervals of 10-11 and 15-16, and half
of these accidents are falls from heights. Moreover, it was
revealed that due to their biological and occupational dis-
similarities, women uniquely handle occupational hazards
in the workplace (Cruz Rios et al., 2017).

Lessons learned from the results of accident investi-
gations promote remarkable advancement in safety per-
formance. In this respect, safety training begins to play
an essential role in accident prevention. The effectiveness
of safety training was questioned in several studies (e.g.
Basaga et al., 2018; Loosemore & Malouf, 2019). Providing
safety training is the most efficient way to transfer theo-
retical knowledge about safety to the employees and create
awareness of OHS. Evanoft et al. (2016) designed a train-
ing program for inexperienced construction workers to
enhance their knowledge about fall prevention. Further-
more, some strategies were proposed to improve the safe-
ty performance of ethnic minority workers (Chan et al.,
2016). Olson et al. (2016) developed easy-to-use toolbox
materials for supervisors. As well as their effectiveness, dif-
ficulties in achieving global implementation of safety prac-
tices were examined (Gao et al., 2018). Safety leadership
is a significantly influential factor for the proper imple-
mentation of SMS. An investigation of how safety perfor-
mance can be promoted with effective safety leadership in
railway projects (Stiles et al., 2018), and Grill and Nielsen
(2019) provided detailed instructions to enable safety
practitioners to influence safety performance positively.

1.3. Studies for specific accident types

Researchers have started to concentrate on the most fre-
quent and severe accidents encountered in construction

sites to cut down the rate of fatalities and critical injuries.
Falling from a height is the most frequent accident type
that is observed in the construction industry (U.S Bureau
of Labor Statistics, 2017). Hence, many studies have been
conducted to investigate and to reduce the number of fall-
ing accidents. Winge and Albrechtsen (2018) evaluated
the types of accidents to determine the most frequent ones
and to analyze barrier failures. That study primarily con-
centrated on the proximal attributes, but there exist latent
interactions and correlations, which require a deeper level
of investigation. In another study, an attempt was made to
identify the reasons behind fatal fall accidents in the US to
suggest feasible solutions (Dong et al., 2013). The accident
data source used in the study did not provide information
regarding some critical factors of accidents such as work-
ing conditions and environments and safety climate fac-
tors. For this reason, the results may not reflect all aspects
of the accident. Fall-related equipment, which includes
mast climbing work platforms (Wimer et al., 2017) and
scaffolds (Rubio-Romero et al., 2012), were also evaluated
in terms of their stability. Fall accidents of drywall install-
ers were also studied to identify their characteristics (Sch-
oenfisch et al., 2014).

Loss of balance is associated with the postural stability
of workers; therefore, factors related to balance loss were
identified (DiDomenico et al., 2010), and Inertial Mea-
surement Unit sensors were used for postural stability
analysis of construction workers (Jebelli et al., 2016). In
addition to these analyses, a long term study was proposed
for increasing the effectiveness of the training of foremen
in order to decrease fall accidents (Kaskutas et al., 2013).

There are some studies that focused on other specific
accident types in addition to fall accidents. Accidents due
to electricity (Sudrez-Cebador et al., 2014), and earthmov-
ing equipment-related incidents were also investigated
(Kazan & Usmen, 2018). Sudrez-Cebador et al. (2014) in-
vestigated electricity accidents in terms of the 13 different
attributes whose significance levels were lower than 0.05.
However, the study was not concerned with human ele-
ments or workplace factors, which lead to the occurrence
of accidents at construction sites. Tokdemir and Ayhan
(2019) investigated foreign body damage and developed
a hybrid model of ANN-AHP to predict the severity level
of accidents. As well as the prediction process, the most
frequently observed attributes in this accident type were
examined to help professionals take the necessary precau-
tions to prevent accidents. Although many researchers
addressed the issue of construction accidents separately,
there has been no study that encapsulated the investiga-
tion of more than one accident type with its common and
distinct points. The reason for this is that accidents may
carry certain characteristics that can be universal or dis-
tinct and may need significant analysis to be revealed. The
proposed approach aimed to disclose correlations between
the attributes of various accident types, so the distinct and
similar points of the most common accidents will be pre-
sented in the remaining parts of the paper.
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1.4. Analytical models for the construction safety

Artificial intelligence (AI) is based on the idea of creating
super-machines that mimic the human brain and process
complicated information. Patel and Jha (2014) proposed
Artificial Neural Network (ANN) based models for the
estimation of safety climate efficiency (Patel & Jha, 2014)
and the evaluation of the safety level of employees’ behav-
ior (Patel & Jha, 2016). Fuzzy neural network technology
and methods of multivariate statistical analysis were used
together for the determination of environmental safety
levels in Russia (Glinskiy et al., 2016). Convolutional
neural networks (CNN) and long short-term memory
networks were selected to detect safe and unsafe behav-
ior on the construction site (Ding et al., 2018). Other re-
search focused on checking the certification of workers
via deep learning, which can recognize each worker’s face
and check if he has valid certification (Fang et al., 2018).
The Fuzzy Delphi Method and the Decision-Making Trial
and Evaluation Laboratory were used together to discov-
er the factors affecting occupational accidents and their
relationships (Bavafa et al., 2018). Mohandes and Zhang
(2019) developed a comprehensive hybrid fuzzy-based
risk assessment model to eliminate the shortcomings of
existing approaches to safety management systems. Ayhan
and Tokdemir (2019a) also proposed a model, which con-
sists of ANN and Fuzzy Logic, for predicting the conse-
quences of accidents. The model can process the collected
data from real accidents and enables OHS professionals
to take the required precautions to prevent work-related
injuries during both preconstruction and construction
stages. Ayhan and Tokdemir (2019b) improved their pre-
vious study by implementing the clustering technique to
obtain better accuracy in prediction. As the last step, they
introduced an enlightening system as a preventative meas-
ure with regards to the frequency of attributes observed in
fatal events. Although results gave promising outcomes for
incident prevention, more detailed investigation depend-
ing on different analytical models should be necessary to
acquire more reliable results.

Attribute-based safety assessment strategies depend-
ing on Analytical models are also one of the popular top-
ics among the researchers. The literature has remarkable
studies for searching the correlations between the attri-
butes of the construction incidents. The record-keeping
mechanism in the construction project are mostly subjec-
tive as the personal opinions of experts may induce reality.
Esmaeili et al. (2015a) proposed an attribute-based risk
assessment system using the reliable national database of
1812 injury reports of struck-by incidents. They aimed to
overcome the problem of the requirement of individual
evaluation and investigation in existing studies. The meth-
odology introduced addressed the construction accidents
of struck-by accidents only. Although the study was limit-
ed due to assessing only a specific type of accident, it pro-
moted to enhance proactive safety management strategies.

Esmaeili et al. (2015b) advanced their study, which en-
capsulated the development of predictive models based on

generalized linear regression analysis. The specialists can
forecast the risk level of the project proactively. In spite
of all these contributions, the study may remain weak in
some points. The proposed system cannot be implemented
before the start of construction. Besides, it dealt with only
struck-by accidents only.

Mistikoglu et al. (2015) conducted a decision tree anal-
ysis, which is a supervised data mining method. The re-
search investigated a fall from height accidents taken from
the US Occupational Safety and Health Administration
(OSHA). The results depicted the associations between
the attributes. The most prominent factors to increase the
fall accidents were fall distance, fatality/injury cause, safety
training, and construction operation prompting fall.

The limitation of existing studies can be described as
the fact that the models depend on data, recorded sub-
jectively, as mentioned before. To address this limitation,
Tixier et al. (2017) proposed a framework, including natu-
ral language processing (NLP), to standardize the funda-
mental attributes of incidents. The objective was to attain
a new safety knowledge from mining multidimensional
data. A small amount of relevant observation was ob-
tained from the bulk of the data.

The proposed system revealed promising results in
achieving the standard way of extracting valuable insights
from injury reports by applying unsupervised approaches.
Researchers focused on only three different accident types,
including struck by against objects, falling on the same
level, caught between the objects. It may lack in giving
insights about the remaining accident types.

ARM is another useful technique for indicating the
relationships between the attributes, and it is an approach
that is applied in the construction industry. Lin and Fan
(2018) have taken into consideration the inspection grades
of 990 public construction projects for the determination
of the relationships between defect types and inspection
type, and the genetic algorithm and ARM were combined
for extracting the defect patterns (Cheng et al., 2015). Oc-
cupational accidents and fatality reports that occurred in
Taiwan between 2000 and 2007 (Cheng et al., 2010) and
in Korea between 2005 and 2010 (Shin et al., 2018) were
also investigated. Verma et al. (2014) used ARM for the
investigation and identification of the operating factors
resulting in incidents in a steel company in India between
March 2010 and July 2013. Guo et al. (2019) created a
fusion model by combining a pre-developed structured
learning algorithm and weighted association rules to
generate a hazard association network. Liao et al. (2019)
combined human dynamics analysis with ARM to find the
time-statistical laws for the time distribution of workers’
unsafe behavior in a metro construction site in Wuhan,
China. ARM was used for the investigation of factors that
led to traffic accidents (Geurts et al., 2012; Yao et al., 2018;
Xu et al., 2018).

Furthermore, work zone crashes (Weng et al., 2016),
vehicle-pedestrian crashes in Louisiana (Das et al., 2018),
and crashes occurring during rainy weather (Das & Sun,
2014) were explicitly focused. Other researchers tried to
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discover meaningful relationships, patterns, and trends for
railway accidents in China (Chen et al., 2017) and in Iran
(Mirabadi & Sharifian, 2010). Likewise, Zhang and Liu
(2011) established a primary database for marine traffic
accidents and employed ARM to determine dependency
on the factors behind these accidents.

This research has focused explicitly on the frequently
recognized accidents in construction sites to fill the miss-
ing points in the literature described in detail above. The
aim is to prove how severe accidents can be prevented by
uncovering the correlations between the attributes.

IS Start

-

319

2. Methodology of research

The focus of the study is to examine the correlations be-
tween the attributes coherently to avoid severe accidents.
The factors involved in each of nine different accident
types are investigated, and an analytical model is pro-
posed to reveal the characteristics of each accident type
by controlling the various combinations of attributes. This
research had three stages, as shown in Figure 1. First, the
data preparation process was carried out. The accident re-
cords were taken from construction companies that had
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agreed to share accident information confidentially. Then,
the study developed analytical modeling with the dataset
utilizing ARM analysis. In the final stage, the correlations
with strong bonds were interpreted to enable the neces-
sary precautions for each type of severe accident to be
recommended.

2.1. Data preparation

The study started by defining the most common accident
types encountered in construction sites, and each of these
accidents is demonstrated in Figure 2. The authors con-
tacted the leading construction companies, which have
several construction sites in the Europe and Asia regions.
The aggregation of the incident record regarding the coun-
tries is as follows. The most significant portion of the ac-
cident records belongs to Russia and Turkey, as 36% and
31% of the whole dataset, respectively. Accidents in Poland
occupied 9%, and the portion belonging to Turkmenistan
is equal to 11%. The remaining countries inside the dataset
are Iraq, Saudi Arabia, and Kazakhstan, and their portions
are 7%, 3%, and 3% percentage, accordingly. The compa-
nies agreed to share their high-severe accident documents,
including both past and current records on a confidential
basis; therefore, any personal or organizational informa-
tion has not been involved in this study. After collecting
the accident data, the records were filtered to ensure that
all accidents belonged to the high-severe class involving
first aid, medical intervention, workday loss, or fatality
categories. After filtering one more time, 3,870 accident
records remained as the data to be entered into an ARM.

Hit by flying or falling
objects

Struck against moving
object

me. Fall from height
197

Fire, explosion
227

Struck against object
Cec)
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The following step in the data preparation was to or-
ganize the list of attributes to describe the accidents. The
statistical analysis requires a meaningful expression with
ordinal or nominal variables so that the computation-
al model can make the necessary calculation to extract
findings from the dataset. There is significant research
available in the literature to explain the accident cases ra-
tionally. For this reason, the attribute categories were de-
termined based on Ayhan and Tokdemir (2019a) at first.
Then, attributes were rearranged with the help of OHS
experts and the study of Ayhan and Tokdemir (2019b) to
form a more coherent list and three more categories (oc-
cupation, age, and experience duration of people involved
in accidents) were integrated into this study.

Table 1 describes the attributes taken from the men-
tioned study. The reason for coding them in binary for-
mat is that an ARM-based analytical model can easily be
adapted to work with binary expressions. Besides, more
than one attribute can be observed in one case simultane-
ously, so this method allows them to be expressed cat-
egorically. Thus, if one of the attributes specified in Table 1
exists in the accident case, the assigned value will become
1. There are also continuous and categorical attributes that
need to be converted into a binary expression. Table 2 in-
dicates the groups of attributes with their characteristics
before ARM analysis. These should also be converted into
the binary format by coding as 1 and 0. This was achieved
by dividing the attributes into sub-groups, as shown in
Table 2 to accommodate the option defined. To illustrate,
when it comes to age, four sub-attributes were created to
reflect four age groups.

Being caught b/w two objacts
644

Foreign body damage (eye, laceration

of body parts)
704

Accident Types
[T Falls onthe same level
M Fall from height
M Fire, explosion
[T Exposure tochemicals
['] Struck against moving object
M Hit by flying or falling objects
Ml Being caught b/w two objects
Foreign body damage (eye, laceration of body parts)
M Struck against object

Figure 2. Type of accidents and their observation frequencies
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Table 1. The master list of attributes used in this paper (based

on the study of Ayhan and Tokdemir (2019a, 2019b))

Attribute
Groups

ID

Expression

Activity

AC-1
AC-2
AC-3
AC-4
AC-5
AC-6
AC-7
AC-8
AC-9
AC-10
AC-11
AC-12
AC-13
AC-14
AC-15
AC-16
AC-17
AC-18
AC-19
AC-20

Finishing works

Installation works

The usage of hand-tool / equipment
Daily activities

The usage of vehicle/construction
equipment

Mobilization on/off-site
Lifting operations
Re-bar/formwork installation
Repair/maintenance works
Welding/hot works

Testing works

Geotechnical works
Landscaping works

Working at height

Field measurement works
Excavation works
Concreting

Material drop

Working with chemicals
MEP works

Workplace factors

W-2
W-3

W-8

Problems with the method of statement
The lack of management system
Inadequate communucation (general)
Inadequate incident analysis systems
Inadequate maintenance / repairment
mechanism

The lack of OHS training

Insufficient control, tracking

Incorrect recruitment procedures
Incorrect protection measures

Hazardous cases

HA-5
HA-6
HA-7
HA-8

NCRs in working environment
Mechanic Hazards / NCRs

NCR in usage of hand-tool / equipment /

construction equipment

NCRs in safety protection measures
Chemical hazards

Natural hazards

Radiation exposure

Fire, explosion

Risky Behaviors

RB-1
RB-2
RB-3
RB-4
RB-5
RB-6
RB-7

Inability to perceive external risks
Tending to use a shortcut

Violation of safe work policy

Incorrect physical movement

Incorrect usage of equipment, hand-tool
Incorrect/absence of safe work policy
Working on energized equipment

Human Factors

HU-1
HU-2
HU-3
HU-4
HU-5

HU-6

Insufficient skill and perception
Physical disability

Psychological disability

Problems related to education level
Problems resulting from the unbalanced
workload

Problems resulting from incorrect
management system

After performing these operations, the total number of
attribute categories increased to nine, and these categories
are composed of 74 attributes in total. The details of the
attribute categories and attributes are shown in Table 1.
Therefore, nine different datasets, as well as the all, were
ready to be analyzed in ARM, as demonstrated in Fig-
ure 1.

2.2. Analytical model development via
Association Rule Mining (ARM)

Association Rule Mining (ARM) is a data mining tech-
nique that was introduced by Agrawal et al. (1993) to in-
vestigate the purchase tendencies of customers. It is com-
monly used for the determination of hidden patterns and
relationships between the variables in datasets and the
dependencies among these variables. In this study, the
authors applied the Apriori Algorithm, which is one of
the most widely used algorithms for ARM. This algorithm
consists of two phases. In the first phase, the analysis cap-
tures the most frequently observed items or attributes
from the dataset, and then the analysis is advanced by
generating logical associations rules between the attrib-
utes. Figure 3 represents the step of the ARM algorithm,
which was adopted in the study. The algorithm steps were
demonstrated based on Rapidminer Studio 9.2.0 soft-
ware. In this study, both Rapidmainer Studio and RStudio
(2019) were utilized.

The rules are defined and presented in the form of
“X—Y’, where X is antecedent and Y is consequent. In
other words, the rules sustain the characteristics of if-then
statements where if and then clauses stand for the ante-
cedent and consequent, respectively.

While generating association rules, support, confi-
dence, and lift are the thresholds used to identify the most
robust rules, as shown in Figure 3. Support indicates how
common the item is in the dataset, and confidence (also
known as a conditional probability) shows how frequent
the generated if-then associations are true. Lastly, the lift
states how strong the relationship is. A higher lift value
reflects a stronger relationship.

Support, confidence, and lift are calculated using the
Eqns (1), (2), and (3).

- _F(x,Y)
pport of X Y == (1)
Confidence of X > Y = F(X’ Y)- (2)
F(X)
Lift of X - Y _ P y) 3)
F(X)F(Y)’

where N is the total number of items in the dataset, F (X,
Y) is the frequency of items and includes X and Y at the
same time, F(X) and F(Y) are the frequency of X and Y,
respectively.
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Table 2. The list of additional attributes
. Before ARM . Converting Binary Expression
Attribute Groups ID Expression -
Type of data Existence Absence
0O-1 Engineer 1 0
0-2 Mechanical assembly crew 1 0
0-3 Finishing work crew 1 0
Occupation Categoric O-4 Rough work crew 1 0
0-5 Repairman 1 0
0-6 Construction equipment operator 1 0
0-7 Administrative affairs 1 0
TI-1 00:00-03:00 1 0
TI-2 03:00-06:00 1 0
TI-3 06:00-09:00 1 0
Time Continous TI-4 09:00-12:00 1 0
TI-5 12:00-15:00 1 0
TI-6 15:00-18:00 1 0
TI-7 18:00-21:00 1 0
TI-8 21:00-00:00 1 0
Exp-1 < 1 month 1 0
Exp-2 1-3 month 1 0
Experience Continous Exp-3 3-6 month 1 0
Exp-4 6-12 month 1 0
Exp-5 12-24 month 1 0
AG-1 18-25 1 0
Age Continous AG-2 25-35 1 0
AG-3 35-45 1 0
AG-4 45-65 1 0
Convert the data to True and Cal;u[lslt: i}':]gzgﬁ?s;ifg 45 Calculate the lift values,
False expression from Binary greater than deflned value Interpret the [oglcal rules
Format (Equation 2) (Equation 3)
1 1 Association Rules to
Read Excel Numerical to Binominal FP-Growth Create A Rules Write Excel Write File
inp fil }

out! exa g% exa exa [ oxa ite [ rul rul / exa inp o thri fil fil res

- 5 b = £ y £ =
ori fre itc| ori fil 4

res.

T

 Fil = File
! Exa = ExampleSet

Select the attributes whose
support are greater than
defined value
(Equation 1)

i Rul = Rules

| Ite = Items Sets

i Fre = Frequent Sets
i Ori = Original

i Thr = Through

Set the rules in the format
which enable to write down
rules in MS Excel format

Figure 3. Representation of ARM analysis

As mentioned before, RapidMiner Studio 9.2.0 and
RStudio are used for ARM analysis, and for all accident
types, support, confidence, and lift are set as 0.15, 0.6 and
1.1, respectively. Gephi 0.9.2 (n.d.) software was used to
obtain the visuals.

2.3. Interpretation of results

A vital part of the study was interpreting the ARM analysis
for preventing the occupational accidents occurring in the
construction sites. The outcomes of ARM are comprised
of two elements, antecedent and consequent, as mentioned
above. The rules between the attributes indicate a strong
correlation between them while observing the construc-
tion accidents accordingly. If the rules constituted between
the attributes are broken by taking necessary preventative

actions, the dangerous consequences of accidents can be
avoided (Weng et al., 2016). Therefore, the results for all
nine accident types were sorted according to their lift,
which indicates how strong the correlation between ante-
cedent and consequent is. ARM was also implemented for
all accident types together to detect the variation in rules
for each accident type.

3. Discussion of findings

3.1. The steps of analysis for the data
including all accident types

The relationships between the attributes of accidents were
evaluated with ARM by finding the correlation between
them. Data of accidents was composed of nine most com-
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monly observed accident types, as shown in Figure 2.
ARM was applied to these nine accident types, as well as
to the complete accident data, to observe the deviation
in relationships between attributes. At first, implementing
the ARM to the complete dataset took place to capture
the common points of different accident types. Then, the
analyses were done for nine accident groups to obtain a
more detailed explanation for high severe construction ac-
cidents individually. Before the start of the analysis, the
authors determined the threshold criteria for values of
confidence, support, and lift as 0.6, 0.15, and 1.1, respec-
tively.

The analysis began with understanding the accidents.
To do so, the frequency of attributes, the accident items,
was calculated. Figure 4 shows the item frequency of the
attributes which had been observed in more than 15% of
the 3870 accident cases. It was demonstrated that RB-1,
HA-1, and RB-3 were the most profoundly observed attri-
butes of all. Even though the figure was not capable of in-
dicating a statistical conclusion, it gave a clue as to which
attribute may require a significant level of intention to
measure preventative actions. Moreover, it was expected
that the rules produced by ARM would be highly associ-
ated with the frequently observed attributes.

The ARM analysis generated 202 rules for all the da-
tasets when the support was 0.15, and confidence was 0.6.
These results showed that 160 of 202 rules obtained from
different accident types were unique for only one accident
type at most. In other words, 160 rules did not appear
in more than one accident type. The results of the analy-
sis demonstrated the multicausal nature of accidents as
also shown in complex ballasting operations (e.g. Gerassis
et al,, 2019). Hence, each should be investigated individu-
ally. Moreover, the results of the analysis with the whole
dataset were compared with the results of individual ac-
cident analysis to examine whether deviation may exist
through the accident type or not. According to the results,
none of the 12 rules were involved in all of the nine ac-
cident types, whereas at least two rules were involved in
at most two accident types. Therefore, it was confirmed

0.7 7

0.6

o o

® &
L |
|

e
w
I

Item frequency (relative)

Figure 4. Attributes whose frequency was higher than 0.15

that the evaluation of accident types separately was more
beneficial, since taking preventative actions based on the
results of the analysis of all the data may not be sufficient
to avoid an accident effectively.

Figure 5 explains how the rules were formed. The
nodes without labels represented the rules. The edges
which expressed the connections between the attributes
were classified using different colors according to the acci-
dent type. As the accidents hold common points, they also
have distinct characteristic features, as indicated in Fig-
ure 5. The nodes with labels expressed the attributes, and
they are marked in terms of size and color. The bigger size
and darker color indicated the higher support value and
higher observation rate among the accident types. As was
specified above, the rules were highly correlated with the
attribute whose frequency was more significant than 0.5.

The next step was to interpret the lift and support cri-
teria with confidence. The scatter plot of lift and support
against confidence was visualized in Figure 6. The points
on the graph were marked using different shapes to in-
dicate the accident type. The color scale represents the
confidence value. According to the figure, the majority of
the rules occurred when the support had values between
0.15-0.20, whereas the lift values varied between 1.1-1.3.
Figure 6 demonstrates that the highest confidence was ob-
tained within these ranges. As the selected lift value was
sufficient for obtaining rules with high confidence, the
ARM results were filtered by applying the rule where lift
values should be equal or greater than 1.1. This means that
the rules whose lift was higher than 1.1 were taken into
account in interpreting the interrelationships between the
antecedents and consequents.

HU-6

Falls on the same leve
Fire, explosion
Il Foreign body damage

Il Being caught b/w two object
I Exposure to chemicals
Il Fall from height

W Hit by flying or falling objects
Il Struck against moving objects
I Struck against objects

Figure 5. Visualization of a network for 202 rules
(All accidents)
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Accident Type
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30 O Being caught b/w two objects
O Exposure to chemicals
2.8 + fall from height
X Falls on the same level
26 4 %* Fire, explosion
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Figure 6. Scatter plot of 202 rules

Size: confidence

Color: lift
Items in LHS group

1 rules: RB-3, RB-2
2rules: RB-1, RB-2
1 rules: AC-4

2 rules: RB-2

1 rules: HU-4

1 rules: HU-5, RB-2
2 rules: W-4

1 rules: Exp-5, RB-1

@ 1 rules: HU-5, RB-3

Figure 7. Balloon plot graph of 202 rules

After eliminating the rules with lower lift values, just
12 rules remained for all accident types. Figure 7 visual-
izes the filtered rules, considering the defined criteria. The
rules were shown with balloon plots where the balloon’s
size represents the frequency. The antecedents and conse-
quents were labeled as LHS and RHS so that interpreting
the relationships between the rules became easier. Figure
8 and Table 3 are given to clarify further. The network vi-
sualization of filtering rules was drafted in Figure 8 so that
the relationships between the attributes can be expressed
more effectively. Moreover, Table 3 gives the textual ex-
pression of logical rules for better understanding.

According to these results, a general conclusion about
all accident types can be made as follows. RB-1, which is
“Inability to perceive external risks”, was the most com-
mon attribute for the accident data and all types of ac-
cidents, and the accidents occurred most commonly in
the time intervals of 9:00-12:00 and 21:00-00:00. Inad-
equate accident analysis systems may generate the inability
to perceive and evaluate the external risks, and problems
with training that result in a violation of safe work poli-
cies. The reasons behind these are that the root causes of
the problems have not been deeply enough investigated,
and the lesson learned from these accidents has not been

RB-2 HU-5

HA-1

RB-1 RB-3
AC-4

Exp-5

W HU-4

Figure 8. Network visualization of 12 rules filtered
by lift defined values

Table 3. Textual expression of rules obtained by ARM

# | Antecedent i?:;;i_ Support | Confidence | Lift

1| RB-3,HU-5 —» RB-2 0.1566 0.6036 1.5060
2| RB-3,RB-2 —» HU-5 | 0.1566 0.6419 1.3583
3| RB-1,RB-2 - HU-5 | 0.1742 0.6413 1.3569
4 RB-2 — HU-5 | 0.2501 0.6241 1.3206
5 AC-4 - HA-1 0.1612 0.7019 1.2220
6 HU-4 — RB-3 0.1638 0.6584 1.2150
7 W-4 — RB-3 0.1674 0.6519 1.2031
8 | HU-5, RB-2 — RB-3 0.1566 0.6260 1.1553
9 RB-2 — RB-3 0.2439 0.6086 1.1232
10| RB-1, RB-2 — RB-3 0.1651 0.6080 1.1220
11 W-4 — RB-1 0.2116 0.8239 1.1022
12| RB-1, Exp-5 — HA-1 0.1654 0.6312 1.1018

transferred to the workers properly. This violation cre-
ates the tendency to use shortcuts when the workload on
workers is unbalanced, and as a result of this process, ac-
cidents with severe consequences have occurred.

3.2. The results of individual analysis
for each accident type

The ARM was implemented for all accident types to cap-
ture more information about the interrelationships of the
attributes. The potential relationships between the at-
tributes for all accidents were disclosed previously, and
this revealed the connections which should be broken to
prevent accidents. Later on, the same procedure was con-
ducted for each accident, and the results obtained are as
follows. In Table 4, a summary of the rules which were
generated by ARM and classified according to the type
of accident was given. The analyses explored the char-
acteristic features of each accident comprehensively. The
vital difference between them all and individual analyses
was the confidence values, which represent the likelihood
of the occurrence for the described conditions. Separate
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Table 4. Rules generated from the individual ARM analysis for each accident type
Accident Type Antecedent Consequent Confidence Support Lift
AC-4, Exp-5 RB-1, HA-1 0,743 0,171 1,145
Being caught b/w two objects AC-4, HU-5 RB-2 0,601 0,185 1,312
HU-3 RB-1 0,907 0,151 1,110
AC-8 RB-4 0,610 0,151 1,143
AG-3 HA-1 0,648 0,193 1,168
Exposure to chemicals RB-1, TI-8 RB-3 0,647 0,185 1,203
RB-4, HU-5 HA-1 0,705 0,181 1,271
W-3 RB-3 0,762 0,202 1,417
Exp-4 RB-1 0,833 0,152 1,109
HA-1, TI-8 RB-1 0,939 0,157 1,250
HA-3 RB-3 0,805 0,168 1,109
Fall £ heigh HA-4,RB-2 RB-3 0,868 0,168 1,196
all from height HU-1 RB-1 0,846 0,168 1,126
HU-4 RB-1, RB-3 0,600 0,274 1,137
RB-1, W-2 HU-5 0,789 0,152 1,571
RB-3, W-7 RB-2 0,698 0,152 1,617
HA-1, W-4 RB-1 0,886 0,193 1,105
Falls on the same level RB-1,T1-4 HA-1 0,933 0,174 1,147
TI-8, AG-4 RB-1 0,897 0,161 1,119
HU-5, AG-4 |HA-1 0,837 0,181 1,450
Fi losi TI-8 HU-5 0,654 0,225 1,207
fre, exploston RB-3 0,603 0,207 1,103
W-1 RB-1, HU-5 0,649 0,163 1,568
Foreign body damage (eye, laceration of body parts) Exp-3 RB-1 0,838 0,183 1,101
, _ L AC-8 RB-1, HA-1 0,636 0,168 1,157
Hit by flying or falling objects RB-4, W-1 RB-1 0.912 0.153 1148
AC-3, HU-5 RB-3 0,674 0,166 1,226
Struck agai . bi AC-3, W-4 RB-1 0,815 0,182 1,214
truck against moving object RB-1, TI-8 RB-3 0,629 0,155 1,145
RB-6 RB-1 0,815 0,182 1,214
HU-1 RB-3 0,723 0,198 1,221
Struck agai bi RB-6 AC-10 0,661 0,196 2,241
truck against object RB-3 0,682 0,203 1,153
W-3 RB-1 0,775 0,169 1,145

ARM analysis resulted in a higher confidence level com-
pared with the rules in Table 3. Almost all accident types
contain rules with confidence levels higher than 0.80. This
means that the most likely triggers of each accident can
be deduced more precisely by applying ARM separately.

For the accidents categorized as being caught between
two objects, the inability to perceive external risks were
generally observed to be the consequence of association
rules. Construction equipment operators and workers
with a physiological disability were not able to perceive
the risks on the worksite. Moreover, this accident type oc-
curred while workers with 12 to 24-months experience
were working on routine activities in construction sites if
the working environment was not suitable, and they were
unable to evaluate the external risks. Using shortcuts were
commonly involved in routine activities, and the accidents
happened when this situation was combined with exces-
sive workload.

Accidents of exposure to chemicals mostly occurred
in the time interval between 21:00 and 00:00. Safe work
policies have been violated in this time interval when the
external risks have not been adequately evaluated. The
victims of such accidents were mostly employees whose

age varied from 35 to 45, and they had exposure to these
chemicals when the environment was not proper for work.
Moreover, incorrect physical movement occurred during
the re-bar/formwork installation. These types of move-
ments also led to an improper working environment when
they were combined with unbalanced work. Furthermore,
safe work policies were violated if there was a lack of com-
munication in the working site.

External risks could not be determined and evaluated
correctly in falling from height cases if the following attri-
butes were separately involved: inadequate education level,
insufficient skill and perception, and the workers with ex-
perience of 6 to 12 months. Besides, safe work policies
were violated when there was nonconformity of the hand-
tools or construction equipment usage. A breach of these
policies was also observed if shortcuts were preferred with
improper personal protective equipment (PPE). Moreover,
shortcuts were used in cases where control or tracking was
insufficient, and safe work policies were violated, and also
in the cases that there was an unbalanced workload and
problems related to educational level. Additionally, lack of
supervision and the inability to perceive external risks led
to an unbalanced workload.
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External risks related to falls on the same level accident
type cannot be evaluated due to improper work environ-
ment and insufficient accident analysis system. Moreover,
the inability to perceive these risks was most likely to in-
dicate an improper working area during the 9:00-12:00
working period. Thus, it can be deduced that the external
risks cannot be understood well in unsuitable work envi-
ronments and vice versa.

In the accident due to fire or explosion category, viola-
tion of safe work policies and unbalanced workload were
observed between 21:00 and 00:00. Victims of this type of
accident were generally in the 45-65 age group and also
worked under uneven working loads. Moreover, problems
related to procedure in construction applications resulted
in the inability to evaluate external risks and an unbal-
anced workload.

Foreign object damage was commonly due to the in-
ability of workers with only 3 to 6 months of experience to
perceive and examine the external risks. Moreover, in hit
by flying or falling objects, incorrect physical movement
and problems in construction procedure caused the inabil-
ity to identify the external risks. During the installation of
rebar or formwork, the inability to perceive external risks
commonly led to accidents when it was accompanied by
an improper working environment.

Hazardous consequences were also revealed due to be-
ing struck by a moving object. Incorrect safety policies or
the lack of safe work policies resulted in the inability to
evaluate external risks. This result was also obtained from
the inadequate accident analysis system for the jobs that
required the use of hand tools or other equipment. More-
over, safe work policies were violated if hand tools were
used or the victims had an unbalanced workload.

Being struck by an object was the accident type most
often observed, and the results showed that it generally
occurred during hot jobs, for which violation or absence
of safe work policies is extremely hazardous. Insufficient
skills, inability to perceive risks and inadequate safety
measures usually ended up in a violation of work safety
policies. Similar to other accident types, lack of communi-
cation also contributed to the inability to perceive external
risks.

The results show that depending on the accident type,
the combination of the antecedents and consequents was
changing dramatically. Even though at first sight, the re-
sults seem familiar, considering so many types of accidents
it is crucial to capture dynamically changing combinations
to prevent severe accidents.

3.3. Contributions to body of knowledge

The proposed study introduces a new approach explicitly
for the safety prevention process. The preventative meas-
ures defined in previous studies (Ayhan & Tokdemir,
2019a, 2019b, 2020) enlighten the future work. Figure 9
stands for visualizing the development of procedures for
preventative measures in the most recent studies. The
studies which promoted a proactive prevention proce-

dure were investigated, and divergence with the proposed
model in terms of development took place in detail. The
prevention section completes the prediction process in
each study, and it was improved in every work. Initially,
the prevention measures were established just concerning
the severity level of construction incidents. The construc-
tion cases were classified into three groups, and preventa-
tive measures formed according to severity (Ayhan & Tok-
demir, 2020). The second study supplemented a risk ma-
trix which enables to rate risk factor of the working team
as well as the company. After this time, personal experi-
ence about construction safety was also taken into con-
sideration while setting preventative measures (Ayhan &
Tokdemir, 2019c). Later, the preventative measures move
ahead of this by introducing a fatal accident analysis. The
fatal work events were examined without performing any
analytical model to understand which attributes are in-
fluential in a fatality. As a result, attribute-based naive re-
sults guide the preventative measures proactively (Ayhan
& Tokdemir, 2019b).

However, accident analysis requires a more compre-
hensive investigation to reveal the root causes. The ana-
lytical models like ARM-based inferential systems have
significant contribution to categorize and control the cor-
relations between the attributes to discover the hidden re-
lationships - the proposed model concerns every aspect of
accidents, including severity level, personal information,
and attributes. The Apriori algorithm overcomes problems
in bulk data and mines a meaningful conclusion from it.
Therefore, the ARM supported the deep level of under-
standing and allowed to set more effective preventative
measures since the hidden relationships between the attri-
butes were disclosed. Besides, the present model is capable
of adapting the changes in data since it accomplished to
obtain different characteristics regarding the accident
type. That means the model can work dynamically with
any system and can be part of a universal system that was
started to be studied in previous studies (Ayhan & Tok-
demir, 2019a, 2019b, 2020).

In addition, researchers have investigated accident at-
tributes and the correlations between them via ARM (e.g.
Liao & Perng, 2008; Cheng et al., 2010; Verma et al., 2014;
Shin et al., 2018; Guo et al., 2019; Liao et al., 2019), but the
types of accidents were not examined in detail. In other
words, these studies did not focus on the factors relevant
to the various accident types. Therefore, this study covered
the most common construction accidents given in Figure 2.
These accidents were analyzed individually to reveal the
relationships between their attributes.

Ultimately, ARM, a data mining technique, was em-
ployed in order to investigate correlations between con-
tributory factors of occupational accidents in construction
sites collectively. 3870 construction accident cases, includ-
ing first aid, medical intervention, lost workday cases, and
fatalities were collected via the OHS professionals of differ-
ent construction companies. ARM analysis determined the
different attributes for each type of construction accident.
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Figure 9. Contribution of the proposed model

Since the characteristics may vary depending on the ac-
cident type, different measures must be implemented to
preventing casualties. This observation was also supported
by analyzing the whole dataset (including every type of ac-
cident), and there was a distinct variation from the results
of the individual analyses.

Conclusions

Occupational accidents are still a serious concern of the
construction industry since many people working in con-
struction sites suffer from the hazardous consequences of
the accidents. Preventing accidents is becoming crucial,
and the first milestone is to understand and evaluate the
factors that lead to occupational accidents. The leading
factors must be identified, and preventative measures
must be taken in advance to avoid construction incidents.
There is extensive research about construction safety in
the literature, which has made significant contributions
to safety. For example, Heinrich (1959) produced a dom-
ino theory which stated that the controllable unsafe acts
lead to a dangerous level of incidents. Reason (1990) in-
troduced a Swiss Case Model (SCM). SCM depicted that
when the series of underlying conditions align together,
it creates a path between the hazards to the accident. Al-
though SCM is undoubtedly the most common accident
causation model and Heinrich domino theory is being still
widely used in industry, these models still need improve-
ment while describing the complex interactions of com-
ponents, i.e., attributes of incidents.

The accident analysis requires an in-depth level of in-
vestigation to find the root causes. Categorizing or con-
trolling the frequency of attributes is not sufficient to
extract the reason and take preventative measures. For

example, determining that the primary cause of accidents
is the state of not being able to evaluate existing risk is pre-
dictable. If the investigation remains at this level, the real
cause will not be discovered. For this reason, ARM can
play a significant role. The ARM results also supported the
deep level of understanding since assessing the construc-
tion accidents separately augmented the confidence values
obtained from analyses as can be seen in the information
presented in Tables 3 and 4.

Therefore, the proposed model introduced an adapt-
able analytical process that investigates the cause and
effect relationships in occupational accidents in a more
comprehensive way. OHS professionals can identify the
cause-effect relationships instantly regardless of changes
in data, and set up preventative actions to break the links
between the accident elements, which were obtained by
ARM for each common accident types. Ultimately, the
present study could help OHS professionals to mitigate
safety risks by showing them the relationships between
attributes using statistics such as confidence, and these can
serve as a guide or tool for specific accident prevention.

This study has certain limitations as follows. First,
there was no guideline in the literature for the selection of
threshold values for ARM analysis. The lower the selected
values were; the higher the number of rules was generated.
Thresholds can be re-arranged to obtain more or fewer
rules according to the feedback from OHS professionals.
As a future study, a fuzzy decision-making tool could be
designed utilizing the results of the ARM analysis. Be-
sides, the model was tested with only construction data
and provided a good understanding of preventative stud-
ies, so it also needed to be tested for different industries,
which would reveal a different combination of attributes
to help professionals to prevent accidents.
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