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Abstract

Background: Unsafe behavior in industries can be due to different factors. The aim of this study was to predict and model unsafe
behavior using a safety atmosphere and cultural attitudes questionnaires. Methods: This study was a descriptive-analytic and
cross-sectional examination that analyzed the data and predicted the unsafe behaviors of 90 construction workers using Neuro-
Fuzzy Inference System (ANFIS) in MATLAB R2016a software. Results: In this study, the model of the safety atmosphere -
unsafe behavior and the model of the cultural attitudes - unsafe behavior had the regression coefficients of 0.93373 and 0.9234,
respectively. [t showed that each of the parameters has a close relationship to the rate of the unsafe behavior. In this regard, a
combination of the safety atmosphere and safety attitude parameters for the estimation of the unsafe behaviors achieved the better
results with a regression coefficient of 0.9453 which indicates the direct effect of both parameters simultaneously on unsafe
behavior. Conclusion: Based on the findings, it can be concluded that the neuro-fuzzy model can be used as an appropriate tool

for predicting unsafe behavior in the industries.
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Introduction

he construction industry is considered as one of
those industries facing safety challenges.! Studies in
different countries including Iran had shown that
the adverse effects and consequences of safety in the
construction industry are high.** Due to the great
importance of accident control; different researches and
models have been carried out regarding the causes of
accidents so far. Most of which highlighted two key factors
in the presence of unsafe behavior and unsafe conditions as

the most important causes of accidents. Therefore,

identifying unsafe behavior can help developing corrective
and strategic measures.” ¢ Safety and cultural atticudes are
among the factors that can influence workers' unsafe
behavior.” ® The safety atmosphere is a state of safety that
represents the basis of a safety culture in workgroups,
factories, or organizations and is known as a useful tool for
measuring employees' behavior and attitudes toward safety.”
1" Many dimensions are known as parts of a safe atmosphere.
These include managerial values, organizatonal and

management activities, communication, and the employee’s
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participation in safety and health programs.'"'* Studies have
shown that by using a validated safety atmosphere
questionnaire, one can address the safety status of industries.”
8

One of the first and foremost studies of cultural attitudes
to Hofstede's theory is the Dutch researcher conducted in
1980 which has four dimensions (the index of masculinity-
feminism, the index of collectivism-individualism, the
ambiguity index, and the power gap index). It defines the
dimensions of culture. These four dimensions express the
main characteristics of the social values mentioned.!® Studies
have shown that using a cultural attitude questionnaire can
be an effective method for assessing safety performance.'*'¢
In recent years, researchers have attempted to analyze and
describe different types of models for the cause of events."”"?
Given that prediction methods are mainly quantitative;
quantitative estimation of a parameter is difficult, so most
accident analysis methods rely on qualitative methods.” The
following describes the theory of fuzzy methods and artificial

neural network algorithm for further details.

Fuzzy systems

The ability of fuzzy systems to solve complex problems of
modeling and prediction, control and artificial intelligence
has also been confirmed.?' A fuzzy inference system consists
of three major parts. 1. The fuzzification step at the input
that converts the numeric value of the variables into a fuzzy
set. 2. Fuzzy inference engine that converts inputs into
outputs with a series of actions. 3. A diagram that converts

the phase output to a definite number as shown in Figure 1.7

Artificial neural network

The neural network is a promising new technology used
to study complex and multidimensional phenomena.®
From a neural network perspective, it has been tried to
model how the nervous system and the human brain
function.* This approach can solve complex problems by
relying on learning and parallel processing capability in
natural neural networks .» Figure 2 is an example of a

neural network.?" 2
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Figure 3. ANFIS architecture

Adaptive Neuro-Fuzzy Inference System (ANFIS
(Adaptive Neuro-Fuzzy Inference System))

The idea of combining fuzzy logic and neural network for
modeling was first used by Athanassopoulos and Curram for
classification and prediction.” In order to simplify, it is
assumed that the inductive system of interest has two inputs
ofx andy and one z output. For a Takagi-Sugeno model,
firstly, one can set a set of sample rules with two if-
then fuzzy expressions as follows:

Rule 1: Ifx is equal to Al and y is B1, then z1 = plx + qly
+rl

Rule 2: If x is equal to A2 and y is equal to B2, then z2 =
p2x + q2y + 12

Where pi, qi, and ri (i = 1, 2) are linear parameters in the
consecutive section of first-order Takagi-Sugeno models.
The ANFIS structure consists of 5 layers. Figure 1 and a
summary of the model are shown below.

The first layer (input nodes): The membership
values that belong to each of the appropriate fuzzy sets are
created using the membership function in each node of this

layer.

Ol,i = MAL(X), fOl‘ i=1,2

1
0y, = pp,_,(x); fori=3,4 M

Where x and y are non-phase inputs to nodes i, Ai and Bi
are language labels which are specified by appropriate
membership functions pyand pg;, respectively. Since the
quadratic Gaussian function has high simulation accuracy,
the quadratic Gaussian membership functions have been
used in this study.

The second layer (Rule Nodes): In the second layer, the
"and" (AND) and "or" (OR) operators are used to obtain the
output. The O2.k outputs of this layer are the product of the

degrees corresponding to the first layer.
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Oz = Ha(X) + 1, (¥) k=1,...,4

2
i=1,25j=1,2 )

The third layer (Medium Nodes): The main purpose of
the third layer is to determine the weight ratio of the i-th to
the weight of all the rules. As a result, wi is obtained as a

normalized weight:

wi

5 Wk; i=1,...,4 (3)
The layer four (Result Nodes): The node function
calculates the fourth layer of the i-th distribution law to the

05; =w; =

total output and is defined as follows:

O4i =Wifi =wi(p; +q; + 1) 3 i=1,..,4 (4)

Where W; is the i-th node output from the previous layer
{pi, qi, ri}(16). The coefficients of this combination are linear
and are also the set parameters of the Takagi-Sugeno fuzzy
model.

The fifth layer (Output Nodes): This single node
calculates the total output by summing all the input signals.
Therefore, in this layer, the results of each fuzzy rule are
transformed into non-fuzzy outputs.”®

_ s Wi fi
Osi=Wifi =53, ©)

This network is based on peer learning. Therefore, our
goal is to train adaptive networks that are able to estimate the
unknown functions of the training information and find the
exact value for the above parameters.”’?* The use of fuzzy
logic provides the ability to estimate the likelihood of an
unsafe and incident operation using fuzzy series.” Fuzzy logic
has recently been proposed for modeling data and solving
ambiguous properties. However, the main problem with
fuzzy logic is that there is no kinematic process for designing

a fuzzy controller. In other words, a neural network has the


http://dx.doi.org/10.18502/aoh.v4i2.2709
https://aoh.ssu.ac.ir/article-1-152-en.html

[ Downloaded from aoh.ssu.ac.ir on 2026-06-22 ]

[ DOI: 10.18502/a0h.v4i2.2709 ]

Pourbabaki R, et al.| Archives of Occupational Health | Volume 4 | Issue 2 | April 2020 | 548-56.

ability to learn from the learning environment (input-output
pairs) to arrange its structure, and to adapt its interaction in
a manner.>® To this end, professor Jung introduced the
ANFIS model in 1993 which was able to combine the two
methods mentioned above.® Given that the idea of
predicting unsafe behavior or industrial events using fuzzy
logic and neural network combinations has not been
implemented so far; the idea is highly predictive in this study
using qualitative data collected from cultural attitudes. In
addition, the safety atmosphere is modeled by unsafe

behavior with a neuro-fuzzy inference system."

Methods

The present study is a descriptive cross-sectional study
that was performed on 90 construction workers with
minimum of 5 years of experience using sampling,
interviewing and recording of unsafe behavior. Exclusion
criteria include the elimination of accident and low work
experience. The questionnaire of safety atmosphere and
cultural attitudes was presented to 90 persons in the form of
presentations and how they were completed. The
distribution of safety atmosphere scores and cultural atticudes
of workers was calculated based on a Likert 5-point range
with a minimum score of 1 and a maximum of 5. To obtain
the dimensions of safety atmosphere and cultural attitudes,
the points of the questions were collected and their mean was
calculated. Prior to this study, a baseline assessment was
conducted to familiarize workers with the processes in the
workplace, and then a list of unsafe behavior was performed
at the study site. The important thing in conducting this
study was that the workers did not understand what the
observer was looking for because they could change their
behavior if they were aware of the observer's purpose. Before
conducting the pilot study, it was necessary to determine the
time of the observation of the workers' behavior randomly
and accurately.

In this study, a questionnaire presented by the UK Health
and Safety Organization in 2001 was used to determine the
safety atmosphere and its related dimensions. Many
dimensions are known as components of a safe atmosphere.
Questionnaire containing 37 items which consists of 8
dimensions of safety atmosphere including management
commitment (dimension 1), worker knowledge (dimension
2), worker attitudes (dimension 3), worker participation
(dimension 4), workplace safety (dimension 5), immediate

readiness in workplace (dimension 6), product safety priority

(dimension 7) and risk aversion (dimension 8). The
questionnaire presented is a comprehensive set of questions
that can be used to assess the safety atmosphere and its related
features. In our country, this questionnaire was validated
with a content validity ratio of 78.5 and CVI value using the
Lauche method of 0.82.% Cultural attitude questionnaire
contains 25 items consisting of 4 dimensions including the
dimension of masculinity-feminism  (dimension 1).
collectivism-  individualism  (dimension 2), ambiguity
(dimension 3),and power distance (dimension 4). Validation
of this questionnaire in Iran with Cronbach's alpha
coefficient of reliability was 0.78.7>%

Sampling safety behaviors were used to assess unsafe
behaviors.?® In this study, practical unsafe behavior is outside
the standard and has defined the limits of the system and can
affect the level of safety of the system.”” To this end, a list of
unsafe behavior was prepared according to the list of unsafe
behavior of the American Society of Safety Engineers
(ANSI), the type and nature of the work, the rules of the
review, the work instructions, and reports of factory accidents
and existing cultural conditions.”’ It should be noted that the
studied samples, time and day of observation were
determined in a completely random way through Excel 2016
software. All observations were made in the morning shift
from 8 a.m. to 4 p.m., and since each person's behavior could
change at any moment from their previous moment, it was
attempted that the time of each observation was as long as
possible. [t should be short and selected only to the extent
that the observer is able to observe the action and determine
whether it is safe or unsafe to the list.”® In this study, the
observation time was between 3 to 5 seconds.

The algorithm uses the Sugeno structure because it
employs a combination of error propagation and minimum
squares error training for the training process and the mean
weight function for non-fuzzy.*!

To design the optimal fuzzy neural network system, the
continuous topology of the neural network was investigated
through a continuous change of the number of layers and the
number of hidden layer neurons. The default parameters that
define membership functions were determined using the
gradient method and the resulting parameters were
determined using the least-squares method. The input data
were trained and tested based on the parameters considered
and then used to predict unsafe behavior. After training and
testing, the error reached a steady state. Experimental were

compared to evaluate the desired models from Explanation
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Coefficient (R2), Root Mean Square Error (RMSE), Mean
Absolute Error Magnitude (MAE), Standard Error Mean
Square (MSE), Normalized Error Mean Square (NMSE)
and Wilmot agreement index (d) have been used.* The low
RMSE value and the high R2 coefficient indicate acceptable
accuracy of the model and its superiority over the other
model. MAE, MSE, and NMSE each represent in a way the
difference between observational and computational data,

the lower these values, the more efficient the work will be.>
44

Results

The organizational characteristics of the study subjects are
presented in Table 1. The mean age of the subjects was 35.56
years with a standard deviation of 8.1 and work experience
of 12.37 years with a standard deviation of 7.2.

In this study, the relationship between safety atmosphere
and cultural attitude with unsafe behavior (Model 1), safety
atmosphere with unsafe behavior (Model 2), cultural attitude

with unsafe behavior (Model 3) was investigated by the

neuro-fuzzy inference system. Then, the results of different
input structures to the ANFIS model are evaluated by
statistical parameters in Table 6. The structure of the ANFIS
model was used in this study to illustrate the impact of safety
atmosphere and cultural attitudes on unsafe behavior which
is shown in Figure 4.

Table 2 presents the different input structures of the
ANFIS model.

Figures 5 to 7 illustrate the distribution graphs of the
observed data against the predicted data using the neuro-
fuzzy model. In these graphs, the fitted regression line
between the data is represented by the line and the regression

line equation is shown in each graph.

Table 1. Personal and organizational characteristics

job Frequency (%)
Assembly operator 41 (45.6%)
Car Operator 33 (36.7%)
worker 7 (7.8%)
office Employee 9 (10%)

Figure 4. The structure of the ANFIS model used in this study

Table 2. Resullts of different input structures to the ANFIS model

Mode Model inputs (Rajeosticien
T AwyAe»Ae) Aw By Bey Be) Buy) Bes) Be) By B 0.9453
2 B(1), B2y, B3) B4, B(s), B(6), B(7), Bs) 0.9337
3 AwAepApyAm 0.9234

[ DOI: 10.18502/a0h.v4i2.2709 ]

Table 3. Statistical parameters of ANFIS model accuracy in predicting unsafe behavior

| Model R2 NMSE MSE D MAE RMSE |
1 0.9453 0.0547 16.3889 0.9858 07778 4.0483
2 0.9337 0.0665 19.8962 0.9823 13852  4.4605
3 0.9234 0.0767 22.9699 0.9795 18115 47927
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The neuro-fuzzy model created indicates that it is essential

100
that modeling of unsafe behavior can be used as a valid and
80 yE00453x+ 25146 2. _'); ] appropriate approach to accident prevention and prevention
T 60 +-R*=09453 . Y _____ in addition to the interpretation of this model and the
o]
= algorithm that can be expressed based on this analytical
S 40 Lo---- oo e o
S approach. Using safety-related scores and cultural attitudes,
20 e the unsafe behavior in the construction industry can be
0 predicted. Studies have shown that unsafe behavior and
T
0 50 100 industrial accidents are influenced by various factors.®

Observations Because of the complexity of these industries (2), it is

Figure 5. Relationship between safety atmosphere and cultural
attitude with unsafe behavior (Model 1) conventional analytical methods, and the results are

challenging to analyze unsafe behavior by conventional and

insufficient.® The purpose of this study was to investigate

100 the safety atmosphere and cultural attitudes to predict the
number of unsafe behavior in a construction company's
80 yE0.9221x+35794 T 2 7 workshops. Analytical modeling using neuro-fuzzy logic
€0 R?=0.9337 y=X showed that the parameters related to safety atmosphere

and cultural attitudes were identified as essential factors in

40 4o C S, the occurrence of unsafe behavior in the construction

Predected

industry. Neuro-fuzzy modeling results indicated that
20 +-—-—-- A among 12 analyzed indices that were selected as model

inputs, the parameters related to the safety atmosphere had

the most significant role in the occurrence of unsafe
behavior (R = 0.93). This model alone can be used to

predict unsafe behavior in industries. Mohammad fam et

0 50 100
Observations

Figure 6. Relationship between safety atmosphere and unsafe al. (2016) found that using neural networks can be a useful
behavior (Model 2) tool for analyzing and predicting the severity of accidents
100 in the industries.®® The results of the different input

structures to the model are presented in Table 2. As it can
""""""""""""""""""" be seen in Models 2 and 3 (Figures 6 and 7), it can be
R2=0.9234 concluded that unsafe behavior is closely related to the

(o]
o
1

D
o

safety atmosphere and cultural attitudes considering each

Predicted

N
o
[l

_______ e o JF o o the criteria.
¢ The statistics presented in Table 3, regression
__________________________________ coefficients for Models 2 and 3 were 0.9337 and 0.9234,

respectively which had an acceptable performance for

N
o
1

0 T assessing unsafe behavior. These results are consistent with

0 50 100 various studies on the safety atmosphere and cultural
Observations o 46

attitudes. However, Model 2 yields better results

Figure 7. Relationship between cultural attitudes with unsafe

behavior of Model 3 comparing to Model 3. Furthermore, according to Table 3,

it was observed that Model 1 (Figure. 5), which combines
Discussion both safety atmosphere and cultural attitude parameters in

estimating unsafe behavior, achieved better results with a
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regression coefficient of 0.9903 indicating that the direct
impact of both parameters is on the number of unsafe
behavior simultaneously. Given that the RMSE indicates
low accuracy of the model, the mean squared error in
Model 1 (4.04) is lower than in Models 2 and 3, so it seems
to be predictive. The extent of unsafe behavior and
industrial accidents is more accurate using safety
atmosphere questionnaires and modeling cultural attitudes.
In this study, the MAE criterion was used to evaluate three
models. If the MAE is zero or close to zero, the method
used is highly accurate.

According to Table 3, it was observed that the MAE for
model 1 is lower than models 2 and 3 indicating that the
simultaneous use of safety atmosphere parameters and
cultural attitudes for modeling are more accurate. A study
done by Mearns showed that simultaneous use of safety
atmosphere parameters and cultural attitudes can be useful
for investigating work-related accidents and absences.' In
this regard, according to Table 2, as the number of inputs
to the model increases, the coefficient of explanation (R2)
increases, which is consistent with similar results.*° As noted
in this study, only a safety atmosphere and cultural attitudes
were used to predict the unsafe behavior. However, other
factors may be affected in creating unsafe behavior that,
using other factors influencing unsafe behaviors model
inputs, the accuracy of the estimates can be increased, and
more useful information can be provided to industry safety

management."

Conclusion

The findings of this study and other studies indicate that
it is essential that unsafe behavior can be influenced by the
safety atmosphere and cultural attitudes.® The modeling
results have shown that using a neuro-fuzzy network can be
a suitable approach to predict the contributing factors of
the unsafe behavior and the industrial events. In addition
to the interpretation of this model and the obtained
algorithm, it can be stated that, based on this analytical
model, having unsafe and cultural atticudes can predict
unsafe behavior in the construction industry. Studies done
in recent years have emphasized that the nature of the
organization has an impact on the safety culture, cultural
attitudes, and incidence rates. Understanding the safety
atmosphere, cultural attitude and its related dimensions by
the organization reduce the incidence rate of the accidents.

In organizations where safety atmosphere and cultural
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attitudes have been accepted as a subset of safety culture;
safety behavior among employees have been reinforced, and
there has been a positive and meaningful relationship
between reducing accidents and safety behaviors.® Since the
regression coefficient of model 1 is higher than models 2
and 3, and the mean squared error of model 1 is lower than
models 2 and 3, it is recommended to use factors related to
safety atmosphere and cultural attitudes to model and

predict unsafe behavior.
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