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ABSTRACT

Our study delves into the crucial issue of road safety by examining the intricate dynamics of driver behaviour, often resulting
in tragic accidents. The importance of comprehending these behaviours is acknowledged, leading us to propose an innovative
decision-making support model that integrates the analytic hierarchy process (AHP) with the best worst method (BWM) in a

fuzzy context. Our objective is to effectively evaluate the overall influence of driver behaviour on road safety while reducing

ambiguity in assessments. In a practical case study involving skilled drivers in Budapest, Hungary, a thorough survey was con-

ducted to prioritise key driving behaviour factors that impact road safety. Our findings reveal ‘errors’ as the most vital aspect, fol-
lowed by specific behaviours like ‘colliding when reversing without observation’ and ‘driving under the influence of alcohol’. By
simplifying the survey procedure and offering practical insights, our unified model improves decision-making for policymakers
striving to tackle road safety issues efficiently. To conclude, our research showcases the effectiveness of merging AHP and BWM

methodologies in a fuzzy setting to obtain valuable perspectives on road safety concerns, ultimately aiding in the advancement

of sustainable transportation systems.

1 | Introduction

The Global Status Report on Road Safety 2023 indicates that
despite a slight decrease in road traffic deaths to 1.19 million/
year, efforts to enhance road safety are making an impact.
However, the toll of mobility-related fatalities stays unaccept-
ably high, with about 1.35 million persons, equivalent to 18.2
per 100,000 people, losing their lives in roadway collisions in

2016. This averages nearly 3700 deaths per day, with an ad-
ditional 20-50 million individuals sustaining injuries or dis-
abilities. The goal of halving road traffic deaths and injuries
by 2030 requires urgent action (World Health Organization
(WHO) 2023). The European Union began creating road
safety guidelines in 2010 to reduce road fatalities by 50% by
2020 compared to 2010. The European Commission is work-
ing on the target that fatalities and severe injuries should

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any

medium, provided the original work is properly cited and is not used for commercial purposes.

© 2025 The Author(s). Expert Systems published by John Wiley & Sons Ltd.

Expert Systems, 2025; 42:¢70104
https://doi.org/10.1111/exsy.70104

1of 16


https://doi.org/10.1111/exsy.70104
https://doi.org/10.1111/exsy.70104
mailto:
mailto:
https://orcid.org/0000-0003-4587-7482
https://orcid.org/0000-0002-3916-7639
mailto:sarbast.moslem@ucd.ie
mailto:moslems@tcd.ie
http://creativecommons.org/licenses/by-nc/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1111%2Fexsy.70104&domain=pdf&date_stamp=2025-07-31

be halved on European roads by 2030, on the approach to
‘Vision Zero’—zero fatalities and severe injuries by 2050. In
the meantime, the numbers were adjusted to decrease road
accident incidence by 2030 (European Commission 2019)
substantially. Nevertheless, Hungary (Janstrup 2017) had a
significant increase in the fatality ratio compared to recent
accident data, underscoring the need for prevention and the
relevance of figuring out the underlying causes of accidents.
Figure 1 demonstrates the statistical data about fatalities and
injuries that transpired within the preceding 20 years.

The Road Safety Action Programme report on situation anal-
ysis has observed that human factors contribute to most road
accidents. Therefore, addressing these factors is crucial in
accomplishing the primary intention of highway safety tar-
gets (OECD/ITF 2016). Human errors, also called human fac-
tors, significantly contribute to traffic collisions (Yilmaz and
Celik 2006; Varmazyar et al. 2013). Traffic injuries are signifi-
cantly impacted by risky driving, a human mistake attributed
to the driver (Atombo et al. 2017; Sabaté-Tomas et al. 2014).
Recent and previous research indicates that around 95% of
traffic collisions can be attributed to dangerous behaviours
shown by drivers (Bazzaz et al. 2015). There exists a multitude
of potential causal elements that contribute to the likelihood
of traffic collisions. Using all potential variables in estimating
traffic collision projecting models undercuts the precision of
the constraint evaluations to a definite range (Nagendra and
Khare 2003).

Besides the frequently utilised traffic crash investigation
techniques such as negative binomial regression, Poisson
models, and logistic regression (Lord and Mannering 2010;
Savolainen et al. 2011; Mannering and Bhat 2014; Kassu
and Anderson 2019), the use of tree-based data evaluation
methods such as hierarchical tree-based regression (HTBR)
(Karlaftis and Golias 2002) and classification and regression
tree (CART) (Chang and Chen 2005; Chang and Wang 2006;
Scheetz et al. 2009; Xu et al. 2014) is considered to be appro-
priate methods in sorting and prediction of traffic collisions.
Despite their widespread use in various fields, traffic safety
studies rarely employ tree-based models. Several studies
(Scheetz et al. 2009; Xu et al. 2014) say that graphical display
alternatives in these models give more information about how
crash parameters are related and make it easier to understand

the results than the odds ratios utilised in logistic regression
methods.

The analytic hierarchy process (AHP) method was created by
Saaty (1977), and it is adopted in many works for estimating
sustainable decision-making solutions (Moslem et al. 2023).
Recently, it has been adopted to estimate the transportation
complex issues, such as evaluating the park and ride problem
(Ortega et al. 2023; Ortega and Moslem 2023), ameliorating
the urban transport system (Gilindogdu et al. 2021; Moslem
and Celikbilek 2020; Moslem 2024), modelling travel modes
(Duleba et al. 2022), and estimating the critical factors con-
nected to road safety (Farooq and Moslem 2022). AHP's popu-
larity has significantly increased after combining it with fuzzy
logic, and it has been applied in many recent research studies,
including transportation (Dos Santos et al. 2019). This integra-
tion presents complex issues and risks in the various modes,
levels, and approaches. The combined method generates data
from risk assessments, which inconsistent models can then
implement. The models generated from the risk assessments
are used in various areas, such as floor water incursion in coal
mines, hazardous transportation substances, and information
technology development (Wang et al. 2014). Recently, the best
worst method (BWM) has been widely employed in solving
complex issues (Mi et al. 2019), where the advantages of BWM
over AHP are the smaller number of evaluated pairwise com-
parisons (PCs), taking into consideration the same problem
with the same number of factors and alternatives, and the abil-
ity to generate better consistency (Rezaei 2015; Moslem 2023).
However, taking advantage of both AHP and BWM is more
convenient; recent studies have demonstrated the integration
of AHP and BWM for estimating complex problems. In the
transport field, Celikbilek et al. (2022) proposed AHP-BWM
in a grey condition to shed light on the most critical factor
for enhancing the urban transport system. The integrated
model significantly reduced the number of PCs in estimation.
Moslem et al. (2020) deconstructed how the integrated AHP-
BWM can efficiently evaluate the riskiest driver behaviour
elements regarding road safety issues. Farooq et al. (Farooq
et al. 2021) employed the AHP-BWM model to detect the
riskiest factor influencing frequent lane-changing and its im-
pact on road safety. However, the AHP-BWM model has also
been applied in other research fields (Bathrinath et al. 2021;
Sharma et al. 2022; Badi et al. 2023).
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These techniques deploy fuzzy set theory to depict contradictory
and imprecise data in the process of making decisions, demon-
strating its utility in managing subjective assessments. This
study explores the beneficial effects and potency of fuzzy AHP
and fuzzy BWM as multiple criteria decision-making (MCDM)
techniques for resolving intricate and ever-changing decision-
making challenges comprising subjective assessments. The
primary emphasis lies in the selection process, wherein decision-
makers must assess alternate options by considering several cri-
teria and sub-criteria (Gul et al. 2019; Omidi et al. 2023). Fuzzy
logic in the MCDM technique is crucial as it allows decision-
makers to successfully navigate the vagueness and unpredict-
ability that commonly emerge when assessing options using
numerous criteria. It offers a versatile and instinctive method
for representing intricate decision problems, enabling decision-
makers to articulate their preferences more organically. The
literature has comprehensively investigated using MCDM tech-
niques to address DC selection difficulties in diverse supply
chains. However, more research needs to specifically address
the problem in uncertain decision-making contexts by imple-
menting fuzzy theory into established MCDM methods. It en-
ables decision-makers to articulate what they consider using
language and offers a versatile and instinctive approach to mod-
elling complex decision problems.

A fuzzy-based intelligent decision support model was imple-
mented by Bouraima et al. (2024) for the purpose of determin-
ing the issues associated with urban mobility. In their study,
Moslem, Giindogdu, et al. (2024) pointed out a new approach
called decomposed fuzzy combinative distance-based assess-
ment (CODAS) and decomposed fuzzy AHP. The primary goal
of the proposed method is its ability to enhance the accuracy
of parcel locker locating in the context of last-mile delivery. In
their study, Moslem and Pilla (2024) introduced a new approach
called the parsimonious spherical fuzzy analytic hierarchy
method, which targets assessing and enhancing urban trans-
port services. The Fermatean fuzzy Archimedean Heronian
Mean-Based Model was implemented by Kakati et al. (2024) in
order to enhance and develop a more sustainable urban trans-
port system.

Recent research created a fuzzy decision-support system con-
sidered to help road safety policymakers in creating informed
decisions concerning safety planning (Behnood et al. 2017). In
the Fuzzy Inference System-based study, a model was generated
that can show a real-time risk assessment model to the drivers.
The model included parameters such as car speed, weather con-
ditions, accident frequency, tire tread depth and fatigue (Kocar
and Dizdar 2021). Another paper proposed a deep reinforce-
ment learning traffic control strategy integrated with Type-2
fuzzy control. The output action of the Type-2 fuzzy control
system substituted the action of choosing the maximum output
Q-value of the aim network in the DQN algorithm, decreasing
the error produced by the usage of the max operation of the
target system. This approach improved the online learning rate
of the agent and surged the reward value of the signal control
action (Bi et al. 2024). A paper generated a causal reasoning
model to characterise drivers’ decision-making procedures
while driving intelligent vehicles. A unified inference model
is created to predict drivers' responses in a supportive driving
environment based on fuzzy logic and causal inference. The

model can detect the causal relationship of the intelligent driv-
ing environment and develop the use of linguistic driving per-
ceptions (Chen et al. 2024). In a recent research, Fuzzy Logic,
which contains linguistic terms and uncertainty, was merged
with the Cellular Automata model to simulate the decision-
making process of right-turn filtering movement at signalised
intersections. The study helped to offer a novel approach to
linguistically assess cognitions and imitate decision-making
actions of the individual driver (Chai et al. 2017). In a study,
fuzzy logic was utilised to analyse the safety and quality of
roads, and fuzzy logic has suitable flexibility and the capabil-
ity to define and model phenomena. It also proposed good ac-
curacy for measuring the parameters recognised in this study
(Shourideh Ziabari and Kaboodvand 2023). Considering the
fuzziness, dependence and interaction of evaluating indices,
the fuzzy method was utilised to measure traffic safety, and the
evaluation and grading criteria for different indices were de-
termined (Zhao et al. 2010). In our study, considering numer-
ous parameters essential to control the vehicle safety, a fuzzy
logic model was created for automatic speed alert, brake alert
with sensors and cameras in vehicles. For intelligent trans-
port, the fuzzy interface system (FIS) was created to support
drivers' decision-making and make them aware of controlling
speed and braking so as to avoid accidents. The Rule-Based
System was produced using several linguistic rules (Gupta and
Chaudhari 2020).

In their study, Moslem, Deveci, and Pilla (2024) brought forward
an innovative methodology combining the BWM and Kendall
model to determine the most effective digital voting equip-
ment for strengthening public participation in urban transport
decision-making processes. Haseli et al. (2024) examined the
sustainability of urban mobility by using the fuzzy ZE-numbers
framework in group decision-making, incorporating the BCM
and CoCoSo methodologies. Aytekin et al. (2024) investigated
the elements influencing transport demand management by
utilising a decision-making model grounded in the Q-ROFsets.
The novel Fermatean Fuzzy Operational Competitiveness
Rating model was introduced by Deveci et al. (2024). This model
integrates the Fermatean Fuzzy Distance Measure and Relative
Closeness Coefficient techniques to assess the multiple possibil-
ities regarding implementing intelligent transport systems in the
metaverse.

The study demonstrates a first-time application of a real-life
problem of the novel AHP-BWM in a fuzzy environment to eval-
uate the riskiest driving behaviour factors that are related to
road safety. Despite sample research accessible in other regions
globally, there is a lack of suitable studies in Hungary to support
policy frameworks on a range of determinant features that expe-
dite risky driving attitudes. Hence, this research was designed
to examine the risk (road safety) connected with risky driving
behaviours among competent vehicle drivers in Budapest.

The primary contribution of this research lies in the reduction of
survey duration and resources through the integration of AHP
with BWM; the subsequent contribution involves the mitigation
of ambiguity and imprecision among assessors in the assess-
ment phase. Finally, a significant contribution is made through
the application of a practical case study in the domain of road
safety to authenticate the developed framework.
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The authors posit a novel technique to tackle various con-
straints and obstacles found in current methodologies. These
constraints encompass the necessity for a more streamlined
decision-making procedure, the mitigation of uncertainties
and ambiguities among evaluators, and the aspiration to offer
a framework applicable to real-world situations. The integration
of AHP with BWM within a fuzzy context presents an innova-
tive strategy for decision-making assistance, particularly in the
assessment of the impact of driver behaviour on road safety.
This amalgamated approach not only diminishes the time and
energy expended on surveys but also amplifies the precision and
dependability of the evaluation process through the inclusion
of fuzzy logic to address subjective assessments. Through the
proposition of this fresh technique, the authors aimed to equip
decision-makers with a pragmatic and efficient instrument for
addressing intricate road safety concerns and fostering sustain-
able transportation systems.

1.1 | The Contribution of the Work
The paper contributes to the field in several ways:

« It introduces a novel approach by integrating AHP and
BWM with fuzzy logic, enhancing the decision-making pro-
cess for evaluating drivers’ behaviour on road safety. This
methodological innovation allows for representing subjec-
tive judgements and uncertainty, leading to more nuanced
and reliable results.

« The developed model offers practical utility by providing
a quicker and less expensive survey process for assessing
driver behaviour. This is particularly valuable for transpor-
tation authorities and researchers seeking efficient methods
to evaluate road safety factors.

« The proposed model reduces estimation time and improves
expert perception by utilising rarer comparisons and stable
PCs. This contributes to enhanced efficiency in evaluating
driver behaviour factors and streamlining road safety inter-
ventions and policies.

« The integrated model's flexibility allows for easy modifi-
cation of survey configurations, accommodating evolving
road safety needs and research requirements. This adapt-
ability enhances the model's usability in various con-
texts and facilitates integration into existing road safety
frameworks.

The manuscript is structured in a particular sequence: Section 1
consists of an extensive examination of the existing literature on
traffic accidents, decision-making processes and tools utilised
for analysing driver behaviour and its influence on road safety.
Section 2 outlines the methodology employed in the present
study, encompassing the evaluation of risk perception, crucial
driving behaviours, road conditions and their association with
traffic congestion, violations and injuries. Section 3 summarises
the outcomes and key findings from the categorical analysis and
factorial prioritisation. Section 4 provides a detailed exposition
of the findings, conclusions, study specifics and potential rec-
ommendations for future research.

2 | Methodology for the Proposed Research
2.1 | Driver Behaviour Survey

The present work attempts to use a decision-making model with
fuzzy logic to estimate the consequences of crucial driver be-
haviour elements on road safety. The key factors are organised in
a hierarchical set with three levels, as depicted in Figure 2. The
degrees of violations in this study offer a thorough examination of
multiple aspects contributing to road safety hazards. This analysis
provides valuable insights into the complex dynamics of driver be-
haviour and its consequences.

At Level 1, the focus is on fundamental road traffic violations
(RTVs), lapses, and errors, shedding light on their significant
roles in exacerbating road safety risks. At Level 2, we emphasise
the significant impact of ordinary and aggressive violations on
crash involvement despite their perceived differences in severity.
Moreover, drivers' inattention and specific driving behaviours,
such as pulling away from traffic lights in the wrong gear and hit-
ting unseen obstacles when reversing, underscore the critical need
to address these nuanced aspects of driver behaviour for compre-
hensive road safety strategies. Finally, at Level 3, failures related
to personal intelligence, maintaining safe gaps, and adherence
to traffic rules further elucidate the multifaceted nature of road
safety challenges and the diverse array of factors contributing to
accidents. By delving into these distinct levels of violations, the dis-
cussion offers a nuanced understanding of the complex interplay
between driver behaviour and road safety outcomes, paving the
way for targeted interventions and evidence-based policy decisions
to enhance overall road safety. Here, we briefly discuss the driver
behaviour criteria hierarchical structure that affects road safety:

« Violations: RTVs such as speeding and running red lights
pose an essential threat to road safety, affecting all road
users by increasing the risk of accidents and injuries.

« Lapses: Lapses in driver behaviour, like inattentiveness and
momentary distractions, are critical predictors of accident
involvement, emphasising the importance of addressing
these behaviours to enhance road safety.

« Errors: Cognitive failures, including errors in judgement
and slips in performance, contribute to an elevated risk of
road accidents, highlighting the need to mitigate these fac-
tors to improve road safety.

« Ordinary violations: Despite their perceived minorness, or-
dinary violations significantly increase the risk of crashes,
underscoring the need to address these behaviours to im-
prove road safety.

Aggressive violations: Blatant disregard for traffic rules and
safety norms through aggressive violations significantly con-
tributes to heightened crash risk, necessitating targeted inter-
ventions to curb these behaviours and improve road safety.

« Drivers’ inattention: Driver inattention, a significant factor
in traffic conflicts, underscores the pervasive nature of this
problem and its implications for road safety, highlighting
the need for interventions to address inattentive driving
behaviours.
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FIGURE 2 | Driver behaviour structure that affects road safety (Farooq et al. 2019).

Pulling away from traffic lights in the wrong gear: Engaging
vehicles in inappropriate gear when starting from traffic
lights poses safety hazards, emphasising the importance of
proper driving habits to mitigate risks on the road.

Insufficient visual scanning: Insufficient visual scanning
undermines the ability to perceive road hazards, underscor-
ing the need for thorough visual scanning in identifying po-
tential risks and mitigating accidents.

Neglecting to uphold the safe gap: It is crucial to keep accept-
able distances between vehicles at crossroads to prevent
accidents, highlighting the need to accept gaps to ensure
traffic safety.

Frequent lane changes: Evaluating the risks associated with
changing lanes is crucial for comprehending safety dynam-
ics and devising efficient safety measures, underscoring the
need to study lane change behaviours and their impact on
road safety.

Violating speed limits: Exceeding the speed limit presents
substantial hazards to the safety of the general public, re-
quiring actions to minimise its negative consequences and
decrease the likelihood of accidents, injuries, and deaths.

Failure to discourage through punishment: The imposition of
significant penalties can serve as a deterrent against illegal
driving behaviours, indicating the potential efficacy of pu-
nitive measures in diminishing traffic rule infractions and
improving road safety.

Driving under alcohol influence: Alcohol-connected im-
paired driving continues to pose a significant risk to road

safety, underscoring the need to tackle this problem in order
to improve safety for all individuals on the road.

The questionnaire was disseminated to a cohort of 70 participants
(motorists possessing valid driving permits and significant exper-
tise in the field of Transportation engineering) affiliated with the
Budapest University of Technology and Economics in Hungary.
Participants were reached through email correspondence and pro-
vided with alink to the survey hosted on Google Forms. Merely 70%
of the population engaged in the study, and an evaluation of the re-
sponse rate of these contributors was conducted. Solomon (2006)
stressed in his study ‘Wisdom of Crowds’ that state, 20 respon-
dents in a survey can facilitate great judgement. In order to gather
pertinent data, the survey was split into two parts. The first part in-
cludes vital information of the participants, including their gender,
age, level of education (at least a bachelor's degree), and length of
driver's licences (most participants had held their licences for over
10years). These details suggest that the participants have appropri-
ate education and research experience related to the study. The de-
scriptive statistics of the socio-demographic variables are depicted
in Table 1. The second section is projected to collect data related to
the influence of specified factors on road safety as the outcomes
are depicted. The findings derived from this section are elaborated
upon in subsequent sections, supported by our integrated AHP-
BWM fuzzy decision-making model.

2.2 | The Conventional AHP

The conventional AHP approach utilises hierarchical deci-
sion assembly, which is built from decision components of
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TABLE1 | Demographic statistics of evaluators.

Variable details Frequency Percentage (%)
Number (N) 70 100
Age (years)
18-30 14 20
31-50 34 48.5
51 above 22 31.5
Gender
Male 63 90
Female 07 10
Time of driving licence
(years)
1-5 11 15.71
6-15 37 52.85
16-25 22 31.42
Education
BS 33 47.14
MSC/PhD 37 52.86

multifaceted decision subjects and is being utilised comprehen-
sively in numerous decision fields (Guo et al. 2023; Abrahamsen
et al. 2020).

The main advantages of AHP for hierarchically structured prob-
lems include its ability to facilitate complex decision-making by
breaking down the problem into manageable components, its
flexibility in handling subjective judgements and diverse cri-
teria, and its capability to provide a structured framework for
comparing alternatives and prioritising criteria based on their
relative importance. Additionally, AHP allows for sensitivity
analysis to assess decision robustness.

The hierarchical model usually comprises multi-part compo-
nents in which the primary criteria and sub-criteria are set, and
the significance of relationships among criteria in distinct levels
governs the total weight scores for the related factors in the lat-
ter level. The critical phases of conventional AHP are depicted
in Figure 3:

In AHP, positive square matrix A represents the PCM, where
x; > 0 is designated as the subjective ratio among w; and wj, and
w, is the measurable weight score from the matrix. The defined
eigenvector system of Saaty for the PCMs can be measured by
Equation (1):

AW, = A - W, = W (A= Ay, T) 6))
where A_,, represents the maximum eigenvalue of a positive

square matrix. An example of a PC matrix with six elements is
depicted in Table 2.

| Designing hierarchical arrangement of decision issue |

Iy

l Creating PCM-s based on hierarchy |

iy

I Questionnaire survey creation |

1

I Consistency check in both methods |

L

I Aggregation by geometric mean |

| Calculation final scores I

4

| Sensitivity Analysis |

FIGURE3 | The framework of AHP model.

TABLE 2 | An example of a PC matrix with a structure of six

elements.
wy/wy o owy/wy o wi/ws o wy/wy, w/ws o wy /wg
wy/wy o wy/wy, wy/wy wy/wy wy /ws w, /wg
wi/wy o wy/wy,  wy/wy o wi/w, wy/ws ws/wg
wy/wy o owy/wy wy/wy o wy/wy wy /ws wy /wg
ws/wy  ws/w,  ws/ws ws/w,  ws/ws ws/wg
We /Wy We/w,  Wg/wy  wg/w,  wg/ws  Wwg /W

For empirical PCMs, the interchange is certainly attained for
each PCM, x;; = 1/xij, where x; = 1. However, consistency is
likely not attained for empirical matrices. Consistency factor:

Xy = X;;. XK ®)

Evaluators, in general, use the Saaty scale to estimate the PCs
generated by considering the problem's hierarchical arrange-
ment (Saaty 1977).

The consistency test in AHP is applied to ensure that all
PCMs have a consistency factor of agreeable inconsistency
(Saaty 1977). The consistency ratio (CR) has to be less than 10%,
and it is computed from Equation (3):

CR=CI/RI ®

Where RI is a typical CI value of the same size randomly
created PCM. Consistency Index (CI) is computed from
Equation (4):

Cl="2% 4

2.3 | Fuzzy AHP

The fundamental model of driver behaviour factors was utilised
in the context of Budapest; nonetheless, in order to mitigate
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the ambiguity of respondents, the AHP technique was imple-
mented within a fuzzy environment. Throughout the compu-
tational procedure, fuzzy numbers enable assessors to express
their subjective assessments in PCs, facilitating the derivation of
more accurate results. Consequently, the survey was structured
based on hierarchies and PCs pertaining to the primary factors,
along with the development of sub-factors. Following the adop-
tion of the Fuzzy AHP (F-AHP) principles, estimations of PCs,
determination of final weights, and assessment of consistency
were conducted. Sun (2010) used the concept of a mathematical
model. However, the questionnaire was created with triangular
fuzzy numbers (TFNs).

S fuzzy number abbreviated S on R as a TFN if its membership
function uS(x): R — [0, 1]is similar in value to Equation (5):

S I<x<m
m—1
pS(x)=qH=X m<x<u 5)
u—m
0, otherwise

From the previous equation (Equation 1), [ and u express lower
and higher limits of fuzzy number S, and m is the modal value
for S. TFN can be depicted by S =, m,u). Operational rules of
TFN S, = (I;,my,u;) and S, = (I, m,, u,) are demonstrated as
resulting Formulas (6-10).

Lower and higher limits of the accumulation of a fuzzy num-

ber @
S, @ S, = (L, my,uy) @(lz,mz,uz) = (L + L, my +my,uy +uy)
©

Lower and higher bounds of the multiplication of a fuzzy num-

ber Q
§1 ®§2 = (L, my,uy) ®(lz’ My, Uy )

= (L, mymy, uyu,) @)

forl,,1,>0;m;,my,>0;uu, >0
The lower and higher limits subtraction of the fuzzy number ©

5,05, = (L,myu,) © (Lymy,uy) = (I — uyymy—, my,uy — 1)

Gumus (2009) and Sun (2010) proposed Table 3 to evaluate PCs.

Linguistic conditions were employed to estimate PCs by exam-
ining which factor is the most significant, as S(5 x 5) is the most
considerable matrix in our work.

where

1 5, §13 §14 §15 1 Si Si3 §14 Sis

§21 1 §23 E24 E25 1/ §12 1 Sy §24 S2s

5= §31 Sp 1 §34 §35 = 1/513 1/§23 1 §34 S35
§41 S S 1 §45 1/ §14 1/ §14 1/ §34 1 §45

SSI SSZ SSS §54 1 1/’SIS 1/§25 1/§35 1/§45 1

el ol ] ol el el el -l v v v~~~ ~ L.
{9 ,8 ,7 ,6 ,5 ,4 ,3 ,2 ,1,2,3,4,5,6,7,8,9, 1, i#j
=

1 i=j

The fuzzy geometric mean was employed to accumulate the
fuzzy scores.

2.4 | The Conventional BWM

Rezaei (2015) found that BWM may effectively address intri-
cate problems using the PC approach, reducing time and ef-
fort. BWM independently derives the weights, which can be
integrated with other MCDM methods (Mahdiraji et al. 2018;
Kumar et al. 2019; Omrani et al. 2020). BWM is a method that
has been recently proposed. In this approach, the user decides
the criterion that holds the most significance and the criterion
that holds the lowest significance. After collecting the criteria
as mentioned earlier, a comparative analysis has been imple-
mented to determine the most significant criterion in relation
to other criteria and the least significant criterion in relation to
other criteria. Significance values are employed to compute the
weights assigned to the criteria.

Nevertheless, human qualitative judgments, such as the paired

comparisons based on a 1-9 scale by decision-makers in BWM,
sometimes exhibit ambiguity and intangibility.

TABLE 3 | Fuzzy scale based on TFN.

Number Linguistic TFN
® 9 Perfect (8,9, 10)
The lower and higher limits division of a fuzzy number @ 8 Absolute (7,8,9)
~ o~ 7 Very good 6,7,8)
5,08, = (I, my,uy)8(L,, my, u,) .
6 Fairly good (5,6,7)
= l—l i e forl,,l,>0;m;,m,>0;u,u, >0 ©)
o m' > 0my,my, >0 U U, 5 Good 4,5,6)
4 Preferable (3,4,5)
Reciprocal of fuzzy number
3 Not bad 2,3,4
5= (ll,ml,ul)_1 = (ul mi %) for 1, > 0;my, m, > 0;u u, >0 2 Weak advantage 1,2,3)
1 1 1
(10) 1 Equal 1,1,1)
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Additionally, information regarding criteria in the real world
is often ambiguous and uncertain (Glindogdu et al. 2021;
Bathrinath et al. 2021; Sharma et al. 2022). Hence, in particular
practical scenarios, the utilisation of fuzzy numbers instead of
crisp values can be employed to conduct reference comparisons
of BWM. This approach may align more closely with real-world
situations and yield more persuasive ranking outcomes. This
study presents an extension of BWM to the fuzzy environment,
introducing a fuzzy-based BWM. Reference comparisons are per-
formed using fuzzy comparing judgements, as described by Guo
and Zhao (2017). The subsequent procedures outline the funda-
mental steps involved in the processing of BWM (Moslem 2023):

identifying decision problems and related elements
- determining the most essential and least essential element

- establishing preference for the most essential element over
other elements

- establishing preference for the least essential element over
other elements

- conducting consistency test

- scaling weights

2.5 | Fuzzy BWM

Different fuzzy systems have been recommended as intuition-
istic fuzzy systems, such as TFNs (Guo and Zhao 2017), dom-
inance degree, Z-numbers (Li et al. 2019), interval type-2 (Wu
et al. 2019), Fermatean fuzzy sets (Senapati and Yager 2020) and
Decomposed Fuzzy sets (Cebi et al. 2023). Mi et al. (2019) pre-
sented several BWM applications and extensions that interested
readers and researchers can analyse in detail.

In BWM, there are n factors, and fuzzy PCs on these n factors
can be accomplished by utilising linguistic terms, as discussed
in Table 3. After that, linguistic assessments are altered to TFNs.
Then, the fuzzy comparison matrix is attained as follows,

¢ ¢ Log

% % La%

! i G 1n
% — % % %
A= ¢, a;, a, L aj

MM M O M

% % %
anl an2 L ann

where a;; denotes relative fuzzy partiality of factor i to factor j,
which is a TFN; a;=(1,1, 1) when i=j.

Here, we elaborated on the comprehensive phases of fuzzy
BWM for outlining fuzzy weights of factors. However, this de-
tailed phase can also be applied to the fuzzy weight estimation
of alternatives (Guo and Zhao 2017).

Step 1. Create a decision system. Assume # factor (c;,c,, ... ¢,).

Step 2. Identify the best and worst factors; the best factor is cB,
and the worst is cy.

Step 3. Conduct comparisons for the best factor.
Step 4. Conduct comparisons for the worst factor.

Step 5. Compute fuzzy weights. In this paper, we utilised
Equation (12) for converting TFNs to crisp numbers as follows:

. Wp Wi
min max ; W —agl,||=— —aw
J
n
R(w;) =1
j=1
W <m® <u?
s.t.q L' <mf <u; (12)
w
W>
l} >0
j=12,...,n
— w w w — w w w
where wg = (1%, m¥, ul), w; = (lj <m'<u )
p— w w w j— w w w
wy = (Y <m <ul), wy; = Iy <my, <uy, and
— w w w 1 1
Wiy = le <my, <ug, ) and Equation (12) can be transmitted

to the subsequent nonlinearly controlled optimisation problem.

min &
.
Wpg
— —ag| <
w; 5| <6
Wi
— —ay| <
WW W —:
n
sty D R(w)=1 13)
j=1
Y <m¥<u”
J J J
w
lj >0
J=12,...,n

where & = (I, m#, uf).

Taking into consideration I¥ <mé <ué, it is assumed that
& = (k*, k*,k*), k* < I¥, then Equation (13) can be converted as

min &

B> Up
Y m?,u?
i

Y om?,u?
7

(L 1 )

lw’ mY. u®
M_(IBJ‘, mBj’ uBJ)S(k*,k*,k*)

— (g <mpg <ug) <(k*,k*, k")

s.t.3 (14)
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Step 6. Determine CR. CR is evaluated in the same way as con-
ventional BWM. The CI for fuzzy BWM employed is depicted
in Table 6.

2.6 | The Proposed Fuzzy-AHP-BWM

The literature review was not considered in addressing this issue
mainly due to the prevalent use of deterministic models in exist-
ing studies (Moslem et al. 2020; Farooq et al. 2021), which are
inadequate in handling uncertainties and subjective assessments
inherent in decision-making. Conversely, our novel framework
goes beyond traditional methods by incorporating fuzzy sets,
enhancing the AHP and BWM with fuzzy logic to create a more
sophisticated and adaptable decision-making structure for ex-
pressing preferences more intuitively. This enhancement allows
our model to address the inherent ambiguity and vagueness in
decision-making contexts, particularly when evaluating com-
plex issues like the impact of driver behaviour on road safety.
Therefore, by integrating fuzzy sets into the decision-making pro-
cess, our model surpasses the constraints of current methodolo-
gies and presents a more holistic resolution to the issue at hand.

Let us consider a decision problem involving n factors arranged
into m levels. Let k=1, ..., m represent the levels in the decision.
For any given level j, let there be h factors denoted as j=1, ..., h,
and let J be a combination of all decision factors, such that J=1,
..., n. Thus, J represents the first factor on the first level, and so
on for all factors in the decision.

The initial step in this model is to select levels or levels within
the decision-making process where the Parsimonious AHP will
be applied. Choosing the level(s) that contain a sufficient num-
ber of factors (denoted by ‘h’) is suggested, which can alleviate
the burden of multiple PCs for evaluators. Additionally, it is ad-
vised (in line with Saaty's 7+2 rule for a PCM) to choose the
level(s) where equal to 5x5 PC matrices or larger are to be es-
timated (Saaty 1977). From our experience, the PCs for a 5x5
matrix may be challenging for non-experts.

In the conventional AHP method, to get a fully formed matrix
for n factors, it is necessary to assess n(n —1)/2 PCs. Conversely,
for BWM, only 2n—3 PCs are needed. This demonstrates that
BWM is an effective technique that can save time and energy
for both assessors and analysts. For instance, if there are only
10 factors, the conventional AHP method would require 45 com-
parisons, whereas using BWM for the same PCM would only
require 17 comparisons.

For Level 1 of the set hierarchical models, the different assessor
groups occupied the elements of f12, 13, and 23 to compare F1,
F2 and F3.

In conventional AHP, 28 comparisons have to be estimated.
However, in the F-AHP-BWM model, only 20 comparisons
have to be estimated. Figure 4 depicts the initial phases of
the model.

The paper's novelty lies in the integration of fuzzy logic into
the AHP-BWM model for assessing driver behaviour's impact
on road safety, which enhances decision-making processes and

| Create the hierarchical structure of criteria l

|
I Set up PCM-s based on the hierarchy l

| Questionnaire survey by using fuzzy sets I

I Defining (5%5) matrices or bigger ones l

BWM for (5%5) matrices
or bigger ones

AHP for (4x4) matrices and
smaller ones

U

I Consistency check in both methods l
1L

I Aggregation by geometric mean |

I Calculation final scores I

FIGURE 4 | Framework of fuzzy-BWM-AHP model.

results in more accurate evaluations compared to traditional
approaches.

3 | A Case Study for Road Traffic Analysis

The integrated fuzzy AHP-BWM model, built on matrix mag-
nitude, efficiently evaluated driver behaviour parameters
linked to traffic safety. First, the analytical hierarchy proce-
dure was used to analyse a hierarchical structure comprising
four (3 x3) matrices and one (2 x2) matrix (Table 4). In the
final stage, the weight scores for a (6 X 6) matrix were com-
puted using the fuzzy best-worst approach (Table 5), which
needed just nine comparisons as opposed to the fuzzy AHP
method's 15 comparisons.

Based on surveyor replies to the DBQ, the integrated model re-
sults for the initial layer indicated that ‘errors’ (F3) are the most
significant component and ‘violations’ (F1) are the second most
significant factor related to the behaviour of driver road safety.
Driving mistakes are a foremost contributing element in road
accidents; thus, considering their origins and effects is import-
ant when making decisions about road safety (Papantoniou
et al. 2019). However, as indicated in Table 6, ‘lapses’ (F2) are
the least important component.

The integrated model results for the next phase revealed that the
most vital driving behaviour element connected to highway shel-
ter is ‘Hit something when reversing that had not seen (F23).
Meanwhile, ‘Aggressive violations’ (F12) are seen as the most
crucial element compared to other mentioned criteria. Those driv-
ers who are comparatively high on trait aggressiveness are stated
to commit higher traffic violations than those with lower scores
(Zeshui and Cuiping 1999). However, (F22) is detected as the least
significant factor in the second level. Meanwhile, ‘Ordinary viola-
tions’ (F11) are seen as the most crucial element compared to other
mentioned criteria. The factors' rank in Level 2 (Table 7).

In Level 3, the integrated model was conducted due to one (6 X 6)
matrix (BWM) and one (3% 3) matrix (AHP). The (F-126) was
the most significant factor in Level 3. Because Hungary has a
zero-tolerance policy for driving while inebriated, the findings
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TABLE 4 | The generated normalised weight scores from the fuzzy AHP for all matrices that are smaller than (6 X6).

Level 1 Level 2 Level 3
Factor Weight Factor Weight Factor Weight
Driver behaviour factors F1 F-11
F1 0.416 F-11 0.123 F-111 0.399
F2 0.161 F-12 0.877 F-112 0.466
F3 0.447 F2 F-113 0.157
F-21 0.484
F-22 0.096
F-23 0.439
F3
F-31 0.153
F-32 0.242
F-33 0.627
TABLE 5 | The generated normalised weight scores from the fuzzy Wy + W, =1 (16)

BWM for the (6 X 6) matrix.

Factor F-121 F-122 F-123 F-124 F-125 F-126

Score 0.152 0.236 0.152 0.076  0.095 0.289
weight

TABLE 6 | The factors’ weights in Level 1.

Factor F1 F2 F3

Weight 0.416 0.161 0.447

can be explained (World Health Organization (WHO) 2023).
Subsequently, the model results detected (F-122) as the second
most significant factor. However, the results detected (F-113) as
the least significant factor, as shown in Table 8. The final rank
of factors is in Level 2.

3.1 | Sensitivity Analysis

In this section, sensitivity studies are conducted for Levels 1-3 to
validate the outcomes of the proposed methodology. The present
study examines the impact of alterations in weights assigned to
criteria on the outcomes of the rating process.

In this study, we examined the impact of modifying the weight
assigned to the primary criterion at Level 1 on the outcomes of the
ranking process. Initially, 20 novel weight coefficient vectors were
produced and categorised into 20 distinct situations. New weight
coefficient vectors were generated in each instance by decreasing
the weight coefficient by 15%. Equations (15) and (16) were utilised
for this objective (Deveci et al. 2024; Demir et al. 2024).

Wnﬁz(l_wna)< o ) (15)

1-w,

The variable w,,, represents the fresh weight values computed for
the criteria. The lowered value of the criterion is denoted as w,,,.
The criterion's original value is marked as wy, whereas the criteri-
on's original value with a lowered value is represented as w,,.

Consequently, the range of variation for w; at Level 1 is gen-
erated within the interval w, € [0.0169,0.3708]. In the present
scenario, the weighting value in Scenario 1 (S1) is denoted as
w; = 0.3708, while in Scenario 20 (S20), the weighted value is
represented as w; = 0.0169. Equation (1) is employed subsequent
to each modification of w_3 to compute the weights of the re-
maining criteria. Figure 5 displays updated weight values of cri-
teria obtained from 20 scenarios for Level 1.

The range of variation for w,; at Level 2 is generated within
the interval w,; € [0.0121,0.2657]. In the present scenario, the
weighting value in S1 is denoted as w,; = 0.2657, whereas in S20,
the weighted value is represented as w,; = 0.0169. Equation (1) is
employed after each modification of w,; to compute the weights
of the remaining criteria. Figure 6 displays the updated weight
values of criteria obtained from 20 scenarios for Level 2.

In turn, the range of variation for w,,, at Level 3 is produced
within the interval wy,; € [0.0152,0.3329]. In the given scenario,
the weighting value in S1 is denoted as w;,, = 0.3329, whereas the
weighted value in S20 is indicated by w,; = 0.0152. Equation (1) is
employed after each modification of w,,, to compute the weights
of the remaining criteria. Figure 7 displays updated weight values
of criteria obtained from 20 scenarios for Level 3.

These findings indicate the dynamic nature of the F-AHP-BWM
model, wherein the weighting values of criteria are subject to
change based on different scenarios. This sensitivity analysis
provides insights into the robustness and adaptability of the
model, allowing decision makers to assess the implications of
various scenarios on the final decision outcomes.
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TABLE 7 | Final weight for Level 2 sub-factors.

Factor F-11 F-12 F-21

F-22 F-23 F-31 F-32 F-33

Weight 0.051 0.365 0.078

0.015

0.439 0.068 0.108 0.280

TABLE 8 | The final weighted average scores for the third-level factors.

Factor F111 F112 F113 F121

F122 F123 F124 F125 F126

Weight 0.020 0.024 0.008 0.024

0.058 0.057 0.022 0.045 0.166

0.8000
0.7000
0.6000
0.5000
0.4000 L4

0.3000

W

0.2000 ./.—0"'

0.1000

0.0000
sO S1 S22 S3 S4 S5 S6 S7 S8 S9

S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20

an@ues ] @ [) F3

FIGURE 5 | Changes in criteria weights according to various scenarios for Level 1.

3.2 | Comparative Analysis

In this section, we compare the factor weights obtained from
two different decision-making methods, where we considered
only the (6 X6 matrix) because it is the spotted matrix to apply
the FBWM: FAHP and F-AHP-BWM. From Figure 8, it is ev-
ident that there are variations in the factor weights between
the two methods for each factor. For instance, in factor F121,
FAHP assigns a weight of 0.0237, whereas F-AHP-BWM assigns
a higher weight of 0.0482. Similarly, for factor F126, FAHP as-
signs a weight of 0.1662, whereas F-AHP-BWM assigns a lower
weight of 0.0916. These discrepancies highlight the differences
in how the two methods prioritise and evaluate the factors. It
is essential to analyse these variations to understand their im-
pact on the overall decision-making process and the resulting
outcomes. Additionally, further investigation may be needed
to determine which method provides more accurate or reliable
results based on specific contexts and requirements of decision-
making problems.

Minor discrepancies imply a degree of coherence or congruence
between the two approaches, prompting the need to determine
if these deviations fall within an acceptable threshold, a critical

consideration contingent upon the specific demands and intri-
cacy of the decision-making context. Variables such as the scale
of measurement, the characteristics of decision criteria, and the
inclinations of decision-makers can impact the understanding
of these distinctions. Nevertheless, an analysis of sensitivity was
executed on the F-AHP-BWM model, accompanied by a com-
parative assessment to gauge its efficacy in relation to alterna-
tive methodologies. This comparative scrutiny scrutinised the
fluctuations in the weighting of criteria across 20 different sce-
narios. Significantly, the outcomes unveiled notable variances
in the criteria weights, underscoring the dynamic nature of the
model. These findings underscore the resilience and flexibil-
ity of the F-AHP-BWM model in addressing diverse situations
and furnishing valuable perspectives for the decision-making
process.

4 | Concluding Remarks

Evaluation and prioritisation of driver behaviour play a pivotal
role in tackling road safety concerns, given the extensive driver
behaviour data and its diverse nature. Preceding the construc-
tion of our advanced AHP-BWM framework, we examined
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FIGURE 6 | Changes in criteria weights according to various scenarios for Level 2.
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FIGURE 7 | Changes in criteria weights according to various scenarios for Level 3.

numerous complex challenges linked with AHP. Through the
engagement of resident drivers possessing valid licences, we
gathered driver behaviour data utilising a questionnaire struc-
tured around a ‘fuzzy scale’.

Our improvement over the baseline method involved integrat-
ing AHP and BWM with fuzzy logic to accommodate subjec-
tive judgements and uncertainty. This enhancement facilitates
a more refined decision-making process, resulting in more
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FIGURE 8 | Comparative analysis.

consistent and reliable evaluations of the impact of driver be-
haviour's on road safety. With its rarer comparisons than the
traditional AHP approach, the proposed model efficiently esti-
mates three-level structure driver behaviour factors, reducing
estimation time and enhancing expert perception. The model
yields more accurate results with supplementary stable PCs
than standard approaches. The integrated model offers faster
and more cost-effective survey processes while providing flex-
ibility in survey configuration adjustments, unlike traditional
AHP and comprehensive PC questionnaires.

The model’s findings indicated that, at the initial level of the
hierarchical structure, ‘errors’ with a final weight score of
(0.447) have the most significant influence on road safety,
next to ‘violations’ (0.416). According to the model results for
the subsequent level, ‘aggressive violations’ (0.365) and ‘hit-
ting something when reversing that you had not observed’
(0.439) are the two most critical driving behaviour factors as-
sociated with traffic safety. The driver behaviour element ‘pull
away from traffic lights in wrong gear’ has the least substan-
tial impact on road safety, with a final weight score of (0.015).
Compared to other specified characteristics, the third-level
model findings showed that ‘drive with alcohol use’ had the
highest final weight score (0.166), followed by ‘frequently
changing lanes’ (0.058). In contrast, the model's findings indi-
cated that ‘failing to use personal intelligence’ was the driver
behaviour element with the lowest final weight score (0.020)
regarding road safety. In future words, recent fuzzy sets, such
as g-rung orthopair fuzzy sets, pythagorean fuzzy and aggrega-
tion operators, such as Schweizer-Sklar operations, can be used
(Ecer and Pamucar 2022; Kou et al. 2023; Gayen et al. 2023;
Akram et al. 2023; Tian 2024; Kara et al. 2024; Wang, Yang,
and Han 2024; Lo et al. 2024; Wang, Zhao, and Zheng 2024).

However, the scope of the research is geographically limited to a
case study involving professional drivers in Budapest, Hungary.
As such, the findings may not be fully generalisable to wider pop-
ulations or different cultural and traffic frameworks. Also, the

study focused mainly on professional or skilled drivers, possibly
neglecting key behavioural differences present in non-professional
or younger drivers. The selected set of behavioural factors, while
comprehensive, may not capture emerging behaviours influenced
by modern technology, such as distracted driving due to mobile
device usage. Future research could address these limitations
by expanding the geographical scope and integrating a more di-
verse sample of drivers across different regions and demographic
groups. Comparative studies involving varying levels of driver
expertise and cultural backgrounds could increase the robustness
and applicability of the model. Furthermore, integrating real-
time behavioural data, such as telematics or sensor-based driv-
ing patterns, with the AHP-BWM framework could deliver more
objective and dynamic insights. Future work might also explore
the application of machine learning techniques alongside multi-
criteria decision-making methods to improve the predictive capa-
bilities of road safety models.
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