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Abstract: Proper management of vehicle structural factors related to public transportation
safety is vital to formulate maintenance strategies and to enhance transportation safety.
Therefore, this work aims to comprehensively identify potential structural factors, assess
their impacts as regards causing public transportation vehicle malfunctions, and under‑
stand their cause–effect interrelationships. Maintenance management can be improved
based on the analysis outcomes. Multi‑Criteria Decision‑Making (MCDM) techniques are
widely applied to decision‑making problems. However, due to the advanced and complex
structures of modern vehicles, conventional single‑used MCDM techniques encounter lim‑
itations in their ability to thoroughly account for all potential failure factors and to system‑
atically manage the causal interrelationships, which makes the analysis results less practi‑
cally applicable. To overcome these challenges, this article proposes an innovative MCDM
framework. Specifically, Failure Tree Analysis (FTA) and the Interval‑Valued Pythagorean
Fuzzy Analytic Hierarchy Process (IVPF‑AHP) are integrated to construct the logical rela‑
tionships between the failure structural factors from real‑world maintenance records. The
factors are ranked and selected based on their severity influence and occurrence likelihood
influence. Subsequently, the Interval‑Valued Pythagorean Fuzzy Decision‑Making Trial
and Evaluation Laboratory (IVPF‑DEMATEL) takes causal diagrams to identify interde‑
pendencies between the factors based on the mitigated ambiguity of human assessments.
A case study in the public transportation bus domain is conducted to demonstrate the ef‑
fectiveness of the proposed MCDM framework. The results offer insightful maintenance
suggestions for public transportation operators and engineers to save human labor and
material resources.

Keywords: multi‑criteria decision‑making; failure tree analysis; interval‑valued Pythagorean
fuzzy analytic hierarchy process; interval‑valued Pythagorean fuzzy decision‑making trial
and evaluation laboratory; public transportation vehicle

1. Introduction
Currently, many countries worldwide have proposed the long‑term goal of reducing

the number of serious injuries that occur on the road [1,2]. Reliable and efficient public
transportation plays an irreplaceable role in the modern transportation system. Accord‑
ing to a report published in 2023 by the Transport Department of Hong Kong, the ex‑
tensive public transportation system handled an average daily volume of approximately
11,480,000 passenger trips, and this high volume of traffic was accompanied by 17,189 road
traffic accidents [3]. From this perspective, it is of paramount importance for governments,
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transit operators, and citizens to ensure the safety of public transportation and to mitigate
the negative consequences of road incidents. Human factors, vehicle factors, and environ‑
mental factors have been identified as three significant factors that contribute to public traf‑
fic safety [4,5]. Under such circumstances, regular safety inspections are essential for pub‑
lic transportation vehicles, such as transportation buses, transportation trains, and trans‑
portation metros, to maintain roadworthiness [6,7]. Modern vehicles have evolved into
integrated complex systems. Any safety risk occurring in any system may cause the entire
device to malfunction. In practice, regular inspection and maintenance in depots still rely
heavily on the experience of engineers. Components within potentially faulty systems are
inspected and replaced individually, resulting in unnecessary human labor and expenses.
Therefore, enhancing the efficiency of maintenance management for public transportation
vehicles has become a focus in both academic research and industrial applications.

Prognostic and health management (PHM) issues related to public transportation ve‑
hicles have been solved using model‑based, data‑driven, and hybrid approaches [8–15].
Some investigations assessed the health status by identifying failure factors using physical
models or by extracting factors directly from sensor data using data‑driven methods [8–13].
Several studies proposed maintenance planning methods to optimize human and material
resources [14–16]. However, there are three primary limitations in the existing research.
Firstly, the research above predominantly relied on experimental and simulation data,
which may not accurately reflect real‑world vehicle conditions and incidents. Secondly,
the research was based on specific fault scenario datasets that may not encompass all types
of faults. Third, the research either took the vehicle as a whole unit or focused on specific
structure areas. Therefore, this work aims to exhaustively evaluate failure factors through‑
out the entire structure of transportation vehicles, accounting for all potential failure types
encountered in real‑world conditions.

Identifying and evaluating factors is a typical decision‑making problem. Multi‑
Criteria Decision‑Making (MCDM) technology is a commonly used decision‑making
method, which is suitable for this work. MCDM techniques have been widely applied
across multiple disciplines. Particularly in the field of safety management within engi‑
neering fields, MCDM methods have been extensively adopted [17–23]. MCDM methods
exhibit unique advantages as they can comprehensively evaluate and balance multiple cri‑
teria, including technical, economic, and social aspects. Additionally, MCDM methods
integrate both quantitative and qualitative data to ensure the thoroughness of analyzation.
Through the transparent and explainable decision‑making process, MCDM methods en‑
able decision‑makers to manage critical risks more effectively and ultimately enhance the
safety and robustness of systems. Nevertheless, only a handful of studies have utilized
MCDM techniques to assess factors related to public transportation safety, and even fewer
have focused on vehicle structure factors. Some studies have utilized MCDM techniques to
analyze critical factors contributing to road crashes [24–30]. Porcu et al. [29] evaluated the
crash risks associated with each route by combining safety factors, predictive models, and
risk assessment techniques. Yuan et al. [30] investigated the traffic collision data to analyze
factors about the occupant, vehicle, road, and environment. Chi‑square tests assessed the
potential influence of the factors. The binary logit regression model showed the relation‑
ships between the factors. Some studies have proposed safety performance indexes for
intercity vehicles [9,15–19,24,27]. Du et al. [27] took the Analytic Hierarchy Process (AHP)
method to weigh each operational index of monorail vehicles. The analysis results found
the structure part with the greatest impact on the straddle‑type monorail vehicle operation.
Renu et al. [31] performed Failure Modes and Effects Analysis (FMEA) on flexible vehicle
components. Vujanović et al. [14] integrated DEMATEL and Analytic Network Process
(ANP) to evaluate fleet maintenance management influences. Dong et al. [28] conducted
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safety assessments for the transit rails. The proposed method combined AHP and a ge‑
netic algorithm to assess the indicator weights. Ganji et al. [26] utilized a hybrid approach
combining DEMATEL and ANP to calculate the influential weights of vehicle‑related cri‑
teria impacting motor vehicle accidents. However, the application of MCDM techniques
to analyze vehicle structural factors for public transportation safety has not been exten‑
sively explored. The existing studies above failed to account for all potential structural
factors that could impact normal operations. Moreover, existing research has not clearly
explained a clear path for transforming research outcomes into actionable maintenance
strategies. To improve the evaluation performance, this study will systematically investi‑
gate the structural factor analysis problem of public transport safety.

The major contribution of this article is to design a novel MCDM framework to assess
vehicle structural factors for ensuring public transportation safety. The analyzed results
help to enhance maintenance management. The more specific points are listed as follows:

1. This study is the first to comprehensively identify and evaluate the structural factors
contributing to vehicle malfunctions. A customized MCDM framework has been de‑
signed to explore all possible factors and rigorously analyze their interrelationships.

2. Fault Tree Analysis (FTA) and the Interval‑Valued Pythagorean Fuzzy Analytic
Hierarchy Process (IVPF‑AHP) evaluate the relative importance of structural fac‑
tors as regards occurrence probability and severity. Additionally, the Interval‑
Valued Pythagorean Fuzzy Decision‑Making Trial and Evaluation Laboratory (IVPF‑
DEMATEL) examines the cause–effect interrelationships between the crucial factors.

3. This work conducts the practical case study for public transportation buses. The main‑
tenance records reported at bus depots and expert judgements collected from pro‑
fessional staff are used as data sources. Based on the assessment results, this work
provides actionable recommendations for maintenance management.

4. The outputs of this work can further ensure roadworthiness, thereby ensuring more
reliable public transportation services. The optimized maintenance strategies help to
prevent minor issues from escalating into major failures and to avoid the spread of
failures to other structure parts.

5. The maintenance recommendations generated from this work can help to enhance op‑
erational efficiency and financial performance. Engineers can allocate manpower and
material resources more effectively, concentrating efforts on addressing the most criti‑
cal failure factors, thereby optimizing maintenance scheduling. Public transportation
operators can reduce maintenance costs, achieve better inventory control, and mini‑
mize service disruptions.

This paper is organized as follows: Section 2 outlines the proposed framework for
factor selection and relationship analysis. Section 3 details the case study by applying the
proposed framework to the public transportation bus domain. Finally, Section 4 summa‑
rizes the implications and suggests potential research directions.

2. Methodology
2.1. Framework of Methodology

This section presents the framework for evaluating failure‑causing factors of public
transportation. The proposed research framework comprises two major stages. Stage I uti‑
lizes FTA and the IVPF‑AHP method for ranking and selecting more crucial factors. Stage
II utilizes the IVPF‑DEMATEL method for evaluating and visualizing the cause–effect re‑
lationships between the selected factors. A scheme of this framework is shown in Figure 1.
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The following subsections give detailed descriptions about IVPFS, FTA, IVPF‑AHP,
and IVPF‑DEMATEL.

2.2. Uncertainty Reduction by Interval‑Valued Pythagorean Fuzzy Set

Fuzzy system theory (FST) has undergone significant developments and diversifica‑
tion, becoming a cornerstone in computational intelligence and decision sciences [32]. The
Fuzzy Set (FS) extends the classical set theory by allowing elements to have degrees of
membership rather than binary inclusion or exclusion. Building on this foundational con‑
cept, Fuzzy Logic (FL) employs the principles of FST to develop a system of approximate
reasoning. Unlike classical binary logic, which restricts truth values to zero or one, FL
enables the handling of intermediate truth values, thus allowing for more flexible and
human‑like reasoning processes [33–35]. This capability is particularly advantageous in
fields where precise mathematical models are infeasible or human reasoning needs to be
simulated. Fuzzy Inference Systems (FISs), as implementations of fuzzy logic, provide a
framework for decision‑making through approximate reasoning and linguistic terms [36].
FISs can process both crisp and fuzzy inputs, generating fuzzy outputs through rule‑based
inference. A successful implementation of FISs heavily relies on well‑designed fuzzy rules.
FISs have demonstrated effectiveness in various applications, particularly where human
judgment plays a crucial role [37]. In the field of enhancing traffic safety, FISs were pro‑
posed to assess collision risks and guide avoidance maneuvers for maritime autonomous
surface ships (MASS) [38]. The near‑collision decision‑making mechanism using FISs
could further improve local path planning [39]. However, FISs encounter significant lim‑
itations when dealing with massive and hierarchically structured variables. Specifically,
the rule‑based design of FISs becomes exponentially complex, leading to potential rule
conflicts and inconsistencies. Moreover, while a FIS can evaluate factors based on individ‑
ual characteristics, it struggles to effectively capture the relative importance relationships
between the factors. Therefore, our work combines FST variants with the MCDM method
to structure and solve complex decision‑making problems involving extensive and hierar‑
chically organized criteria. FST variants are widely used to overcome the inaccuracies that
arise from the reliance on expert scoring in MCDM methods.

Over the past decades, FST variances have enhanced the capability to tackle various
complex systems. The Intuitionistic Fuzzy Set (IFS) represents a significant extension [40].
IFS incorporates the membership degree and non‑membership degree of elements, which
can provide a more thorough description of uncertainty [40]. The Interval‑Valued Fuzzy
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Set (IVFS) is another important extension [41]. The IVFS uses intervals instead of single
values to represent the membership degree of elements [42]. Though IVFS improves uncer‑
tainty modeling by capturing data variability, computational complexity is introduced due
to interval arithmetic. The Pythagorean Fuzzy Set (PFS) offers a more recent and innova‑
tive extension [43]. Unlike the IFS, where the sum of the membership and non‑membership
degrees must be lower than or equal to one, the PFS relaxes this constraint to the sum of the
squares of these degrees. Moreover, the mathematical structure of the PFS allows for using
Pythagorean theorem‑based calculations, simplifying the aggregation and comparison of
fuzzy values [43]. This structure is particularly beneficial in MCDM contexts. Building on
the strengths of both the IVFS and PFS, the Interval‑Valued Pythagorean Fuzzy Set (IVPFS)
represents a further evolution by combining interval representation with the Pythagorean
structure [44]. IVPFS further enhances the PFS framework by representing membership
and non‑membership degrees as intervals. The interval representation captures the range
of and variability in uncertainty more explicitly, providing a more robust modeling ap‑
proach [44]. The hybrid approach offers a more robust mechanism for modeling uncer‑
tainty than either IVFS or PFS alone. The relevant concepts of IVPFS are briefly introduced
as follows:

Definition 1.  P is defined as PFS as follows:

P = {〈x, P(µP(x), νP(x))〉; x ∈ X} (1)

where X function is a constant set and  µP(x) : X 7→ [0, 1]  and  νP(x) : X 7→ [0, 1]  represent the
membership and non‑membership degree of  x ∈ X belonging to P. µP(x) and νP(x) should satisfy
the relationship as follows:

0 ≤ µP(x)2 + νP(x)2 ≤ 1.x ∈ X. (2)

The indeterminacy degree of PFS relative to P can be calculated as follows:

πP(x) =
√

1 − µP(x)2 − νP(x)2. (3)

Definition 2. 
∼
P is defined as an IVPFS in X as follows:

∼
P =

{⟨
x,

∼
P
([

µ∼
PL
(x), µ∼

PU
(x)

]
,
[

ν∼
PL
(x), ν∼

PU
(x)

])⟩
; x ∈ X

}
(4)

where 
⟨[

µ∼
PL
(x), µ∼

PU
(x)

]
,
[

ν∼
PL
(x), ν∼

PU
(x)

]⟩
 is called an Interval‑Valued Pythagorean Fuzzy

number, 0 ≤ µ∼
PL
(x) ≤ µ∼

PU
(x) ≤ ν∼

PL
(x) ≤ ν∼

PU
(x). µ∼

PL
(x) and ν∼

PL
(x) should satisfy the

relationship as
0 ≤ µ∼

PL
(x)2 + ν∼

PL

(x)2 ≤ 1.x ∈ X. (5)

The indeterminacy value of PFS relative to 
∼
P can be calculated as follows:

π∼
P
(x) =

[
π∼

PL
(x), π∼

PU
(x)

]
=

[√
1 − µ∼

PU
(x)2 − ν∼

PU
(x)2,

√
1 − µ∼

PL
(x)2 − ν∼

PL
(x)2

]
. (6)
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Definition 3.  Set up 
∼
P =

([
µ∼

PL
(x), µ∼

PU
(x)

]
,
[

ν∼
PL
(x), ν∼

PU
(x)

])
, 
[

µ∼
PL
(x), µ∼

PU
(x)

]
⊆

[0, 1], 
[

ν∼
PL
(x), ν∼

PU
(x)

]
⊆ [0, 1], and 0 ≤ µ∼

PL
(x)2 + ν∼

PL

(x)2 ≤ 1, with parameter λ > 0; then,

the following operation holds:

λ
∼
P =

√1 −
(

1 − µ∼
PL
(x)2

)λ

,

√
1 −

(
1 − µ∼

PU
(x)2

)λ

,
[

ν∼
PL
(x)λ, ν∼

PU
(x)λ

] (7)

∼
P

λ

=

[
µ∼

PL
(x)λ, µ∼

PU
(x)λ

]
,

√1 −
(

1 − ν∼
PL
(x)2

)λ

,

√
1 −

(
1 − ν∼

PU
(x)2

)λ
. (8)

Definition 4.  Set up 
∼
P =

([
µ∼

PL
(x), µ∼

PU
(x)

]
,
[

ν∼
PL
(x), ν∼

PU
(x)

])
, 
[

µ∼
PL
(x), µ∼

PU
(x)

]
⊆

[0, 1], 
[

ν∼
PL
(x), ν∼

PU
(x)

]
⊆ [0, 1], and 0 ≤ µ∼

PL
(x)2 + ν∼

PL

(x)2 ≤ 1. Set up two IVPFS 
∼
P1 =

([a1, b1], [c1, d1]) and 
∼
P2 = ([a2, b2], [c2, d2]); then, the following operation holds:

∼
P1 ⊕

∼
P2 =

([√
a2

1 + a2
2 − a2

1a2
2, b2

1 + b2
2 − b2

1b2
2

]
, [c1c2, d1d2]

)
(9)

,
∼
P1 ⊗

∼
P2 =

(
[a1a2, b1b2],

[√
c2

1 + c2
2 − c2

1c2
2, d2

1 + d2
2 − d2

1d2
2

])
. (10)

Definition 5.  Set up 
∼
P =

([
µ∼

PL
(x), µ∼

PU
(x)

]
,
[

ν∼
PL
(x), ν∼

PU
(x)

])
; π− and π+ are the hesi‑

tancy degree of the lower and upper points as follows:

π−
2 = 1 −

(
µ∼

PU
(x)2 − ν∼

PU
(x)2

)
(11)

π+
2 = 1 −

(
µ∼

PL
(x)2 − ν∼

PL
(x)2

)
. (12)

Definition 6.  Set up 
∼
P =

([
µ∼

PL
(x), µ∼

PU
(x)

]
,
[

ν∼
PL
(x), ν∼

PU
(x)

])
; the defuzzification of this

number is calculated as follows

DD
(∼

P
)
=


µ∼

PL
(x)2 + µ∼

PU
(x)2 +

(
1 − ν∼

PL
(x)2 − π+

2
)
+

(
1 − ν∼

PU
(x)2 − π+

2
)

+µ∼
PU

(x)µ∼
PL
(x) + 4

√(
1 − ν∼

PL
(x)2 − π+

2
)
×

(
1 − ν∼

PU
(x)2 − π−2

)
/6. (13)

2.3. Occurrence Probability Analysis by Fault Tree Analysis

A Fault Tree (FT) displays the probable event sequence. FTA is widely used to iden‑
tify the possible root causes, known as Basic Events (BEs), and the occurrence probability
of an unexpected event, referred to as a Top Event (TE) [45]. A TE is at the top position
of an FT and tailed by BEs. The BEs of an FT are statistically independent and connected
by Boolean logic gates. FTA for failure analysis involves both qualitative and quantita‑
tive evaluation [46]. In qualitative assessment, FTA establishes and clarifies the theoretical
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relationships between the TE and BEs based on “AND” and “OR” logic. In quantitative
assessment, BEs and their logical relationships are identified to find the logical expression
of TE. The occurrence probability of TE can be quantitatively estimated based on the oc‑
currence probability of each risk factor.

This work uses FTA to analyze the causal relationships of the identified factors and
ranks these factors based on their likelihood of occurrence. The probability analysis in FTA
offers distinct advantages as it calculates the occurrence probability of basic events based
on real maintenance data, thereby accurately reflecting the actual frequency of different
failure factors in operational conditions. The structured approach of FTA in establishing
causal relationships and quantifying probabilities based on empirical data provides a level
of analytical rigor and practical relevance that is another advantage. To calculate the con‑
tribution of each factor to the likelihood of public transportation defects, FTA enables the
establishment of the logical relationships between the public transportation safety prob‑
lem (TE), the critical systems (Immediate Events), and the failure‑causing factors (BEs). In
this work, the failure probability of BEs can be extracted from the collected maintenance
records. The probability of a TE is estimated using Equations (14)–(16), which are derived
based on the principles of Boolean algebra.

POR = 1 −
n

∏
i=1

(1 − Pi) (14)

PAND =
n

∏
i=1

Pi (15)

PTE = ∏
j∈M

1 −
n

∏
BEi∈Qj

(1 − Pi)

 (16)

where Pi is the probability of BEi, and Qj is a group of BEi.
To assess the importance of each BE, their contributions to the likelihood of the TE

occurring are determined. This information holds significant value for decision‑makers
(DMs) as it allows them to identify the vulnerable points within a system. By identifying
these vulnerable points, DMs can effectively pinpoint the easily fault‑prone factors that
require more attention. To identify and prioritize the most critical BEs that lead to the TE,
the Birnbaum Importance Measure (BIM) is employed. BIM is a crucial metric based on a
FT used to evaluate the criticality of individual components or events within a system [47].
It quantifies the contribution of each BE to the TE occurrence. Formally, the BIM value of
the specific BE is defined as follows:

IMBIM
BEi

= P(TE|BEi = 1)− P(TE|BEi = 0) (17)

where IMBIM
BEi

is the BIM value of the basic event BEi.
Once the BIM values of all BEs are evaluated, they can be ranked. A higher BIM value

indicates a higher level of importance for the corresponding BE in relation to the occurrence
of TE.

2.4. Severity Impact Analysis by Interval‑Valued Pythagorean Fuzzy Analytic Hierarchy Process

AHP ascertains the weights of criteria and the priorities of alternatives via pairwise
comparisons [48,49]. AHP integrates both rational and intuitive values. By decomposing
complex decisions into a manageable hierarchy, AHP allows decision‑makers to consider
both quantitative data and qualitative insights. This hierarchical structure is particularly
valuable when dealing with numerous structural factors distributed across multiple sys‑
tems and subsystems, where coupling effects exist between factors. Nonetheless, the pair‑
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wise comparison process can introduce imprecision as it relies on expert judgments. In
real‑world scenarios, experts may struggle to score crisp values due to constraints in use‑
ful information or cognitive capacity [50]. To address this imprecision, this work uses
IVPF‑AHP to rank the identified failure‑causing factors based on their fault severity im‑
pact. Integrating AHP and FST allows for more robust reflections of DMs’ judgments. The
procedures of the IVPF‑AHP method are shown below:

1. Establishment of the hierarchical structure.

A typical structure of AHP hierarchy has the objective at the top position, followed by
factors and alternatives at the bottom position. If it is necessary to divide too many factors
into multistep, a sub‑criterion can be made. The structure of AHP analysis for our work to
study transportation safety is consistent with the FT structure. A BE is treated as a factor.

2. Construction of the Interval‑Valued Pythagorean pairwise comparison matrix A.

The DMs are invited to finish the questionnaire‑form survey to set the relative im‑
portance weight of factors. The pairwise comparison matrix A =

(
aij

)
m×m is constructed

using the linguistic terms given in Table 1.

Table 1. Linguistic scale for the evaluations [51].

Linguistic Terms Interval‑Valued Pythagorean Numbers

µL µU νL νU

Certainly Low Importance (CLI) 0.0 0.0 0.9 1.0
Very Low Importance (VLI) 0.1 0.2 0.8 0.9

Low Importance (LI) 0.2 0.35 0.65 0.8
Below Average Importance (BLI) 0.35 0.45 0.55 0.65

Equal Importance (EI) 0.1965 0.1965 0.1965 0.1965
Average Importance (AI) 0.45 0.55 0.45 0.55

Above Average Importance (AHI) 0.55 0.65 0.35 0.45
High Importance (HI) 0.65 0.8 0.2 0.35

Very High Importance (VHI) 0.8 0.9 0.1 0.2
Certainly High Importance (CHI) 0.9 1.0 0.0 0.0

3. The calculation of the difference matrix D =
(
dij

)
m×m is as follows:

dijL = µijL
2 − νijU

2 (18)

dijU = µijU
2 − νijL

2. (19)

4. The calculation of the multiplicative matrix S =
(
sij
)

m×m is as follows:

sijL =

√
1000dij L (20)

sijU =

√
1000dijU . (21)

5. The calculation of the indeterminacy matrix H =
(
hij

)
m×m matrix is as follows:

hij = 1 −
(

µijU
2 − µijL

2
)
−

(
νijU

2 − νijL
2
)

. (22)

6. The calculation of the unnormalized weights T =
(
tij
)

m×m is as follows:

tij = hij

(
sijL + sijU

)
/2. (23)
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7. The determination of the criterion weight wi for each factor is as follows:

wi =
m

∑
i=1

tij/
m

∑
i=1

m

∑
j=1

tij . (24)

2.5. Factor Ranking Using Results from Fault Tree Analysis and Interval‑Valued Pythagorean
Fuzzy Analytic Hierarchy Process

Applying FTA and IVPF‑AHP generates two types of relative importance weights and
weight rankings. An adjustment weight is introduced to ensure a balanced evaluation that
considers both fault severity impact and occurrence probability impact. This adjustment
weight serves to modify the relative importance of these two aspects, generating a revised
ranking of factors. Based on the new ranking, the more important factors at the top of the
ranking are selected for further analysis. The modified ranking is calculated as follows:

MRi = w·R1
i + (1 − w)·R2

i (25)

where MRi represents the combination ranking value of factor i, R1
i denotes the ranking

of factor i based on FTA, and R2
i denotes the ranking of factor i based on IVPF‑AHP. w is

defined as the adjustment weight. Subsequently, the failure‑causing factors can be ranked
again based on the calculated combination ranking values.

2.6. Cause–Effect Relationship Analysis by Interval‑Valued Pythagorean Fuzzy Decision‑Making
Trial and Evaluation Laboratory

DEMATEL aims to analyze and resolve complex, interrelated problem groups [52,53].
Compared to traditional MCDM methods, DEMATEL provides two notable advantages.
Unlike conventional techniques that assume independence among elements, DEMATEL
identifies interdependencies within a system by using structural modeling and causal di‑
agrams. Furthermore, while traditional methods may struggle with decision quality and
complexity when confronted with numerous criteria, DEMATEL is particularly well suited
to handle such situations, ensuring both decision quality and manageability. However,
this people‑oriented process is often unclear and uncertain. To mitigate the ambiguity of
human assessments, this work adopts the IVPF‑DEMATEL method to analyze the cause–
effect relationships among the selected failure‑causing factors. The following steps can
represent the procedures involved in IVPF‑DEMATEL:

1. Build of the Interval‑Valued Pythagorean initial direct relation matrix A.

Experts compare the factors to generate an Interval‑Valued Pythagorean initial direct
relation matrix A =

(
aij

)
m×m, where aij indicates the factor i on factor j impact. The trans‑

formation of Interval‑Valued Pythagorean Fuzzy semantics is shown in Table 2.

Table 2. Linguistic term and the corresponding Interval‑Valued Pythagorean Fuzzy numbers [54].

Linguistic Terms Interval‑Valued Pythagorean Fuzzy Number
Very high influence ([0.80, 0.95], [0.00, 0.10])

High influence ([0.60, 0.80], [0.10, 0.30])
Low influence ([0.40, 0.60], [0.30, 0.50])

Very low influence ([0.20, 0.40], [0.50, 0.70])
No influence ([0.00, 0.20], [0.70, 0.90])

2. Defuzzification of the Interval‑Valued Pythagorean initial direct relation matrix A for
a crisp direct relation matrix B =

(
dij

)
m×m is carried out according to Definition 6.
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3. The normalization of the crisp direct relation matrix N =
(
nij

)
m×m is as follows:

N = S × B (26)

where SS = min
{

1/ min
1≤i≤m

∑m
j=1 bij, 1/ max

1≤j≤m
∑m

i=1 bij

}
, i, j = 1, 2, · · · , m.

4. Computation of the total relation matrix T is as follows:

T = N(I − N)−1 (27)

where I is an n × n identity matrix.
5. The influence degree, influenced degree, centrality degree, and cause degree are cal‑

culated.

According to the total relation matrix T, the influence degree D and influenced de‑
gree R, which are the sum of rows and the sum of columns, are computed by applying
Equations (28) and (29). The centrality degree is calculated as (D + R). The cause degree
is calculated as (D − R).

R =

[
n

∑
i=1

tij

]
1×n

(28)

D =

[
n

∑
j=1

tij

]
n×1

. (29)

(D + R), named “centrality degree”, represents the degree of relative importance of each
factor. The factor with a higher (D + R) value is more important that with a lower value.
(D − R), named “cause degree”, represents the net effect that the factor contributes to the
system in relation to other factors. In general, a factor belongs to the cause group if its
(D − R) value is positive. Conversely, the factor belongs to the effect group.

6. Generation of the influential diagram.

Based on the calculation results from the last step, the influential diagram categorizes
all identified factors into four quadrants according to their centrality degree and cause
degree, which can provide a clear visualization of their roles within the studied complex
system.

3. Case Study: Structural Factor Analysis for Public Transportation Bus
This section presents the case study of analyzing the structural factors that cause the

failure in the public transportation bus domain. A public transportation bus is an inte‑
grated complex structure that includes five major systems, i.e., powertrain system, chassis
system, power system, electrical system, and body system [55]. Each major system con‑
tains numerous sub‑systems and components. Any safety risk occurring in any system
may cause the entire bus unit to malfunction. To ensure the analysis results are realistic
and practical, this study utilizes maintenance records collected from depots and seeks con‑
sultation from professional staffs at the bus enterprise. These maintenance records and
expert insights serves as valuable information sources, contributing to the credibility and
relevance of the analysis.

Based on the combination of data exploration, domain knowledge, and expert con‑
firmation, this study successfully extracts valuable information from the maintenance
records and defines an initial set of failure‑causing factors. Due to the initial factor set
being relatively large and unsuitable for further calculation, FTA and IVPF‑AHP are uti‑
lized to assess and rank the factors. The top thirty factors are considered the more critical
ones. IVPF‑DEMATEL constructs the causal diagram to represent the cause–effect rela‑
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tionships between the critical factors. The results of the analysis can contribute to a better
understanding of the relationships between safety factors and provide suggestions for op‑
timizing maintenance managements.

To ensure the efficiency of data processing and analysis, this study utilizes a Mac‑
Book equipped with a 2 GHz quad‑core Intel Core i5 processor, 32 GB of unified memory,
and a 1 TB SSD (Apple, Cupertino, CA, USA). All data‑processing and analysis scripts are
implemented in a Python 3.10.4 environment.

3.1. Data Description

This study utilizes maintenance records collected from bus depots and seeks consul‑
tation from professional staffs of the public transportation operator.

In practice, the public transportation operator has regular inspections and correc‑
tive maintenance to ensure the good conditions of vehicle operations. The maintenance
database comprises aggregated repair information, with each maintenance activity docu‑
mented in a structured format. The original record for each entry includes information
columns. The most essential columns are occurrence date, replaced parts, and performed
operations. Although the maintenance database is initially designed for other purposes,
such as warranty analysis and tracking warehouse finances, it is also useful for data min‑
ing to find the most likely root failure causes. This study utilizes the maintenance data
generated from January 2022 to March 2023. This study focuses specifically on the vehi‑
cle type with the most considerable quantity in operation. The raw data used for analysis
consist of 1971 maintenance records. However, it is worth noting that the quality of the
collected records limits their usability. One significant limitation is the absence of stan‑
dardized documenting codes. Additionally, since much information is entered manually,
there is a higher risk of human errors, such as typographical mistakes and missing values.
These factors introduce potential inconsistencies and inaccuracies in the data. Therefore,
the maintenance data source underwent several preprocessing steps to enhance its quality
and usability.

In addition to utilizing maintenance data as a data source, DMs are invited for inter‑
view and consultation. The invited DM group consists of five domain experts with exten‑
sive experience in fleet operation and maintenance, including one head of the depot, two
senior engineers, and two technical engineers. The detail information of the DMs is pre‑
sented in Table 3. Due to their extensive working experience, these experts are considered
to have sufficient expertise to contribute meaningfully to this research. To gather insights
from the DMs, this study employs questionnaire‑based surveys to gather their perceptions
and conducts three brainstorming meetings to achieve consensus for factor selection, evalu‑
ation, and result reasonability. The survey was conducted during the period from January
2023 to May 2023.

Table 3. Profiles of the invited DMs.

No DM Job Position Experience (Years) Age Educational Level

DM #1 Head of the Depot 26 51 MSc
DM #2 Senior Engineer 20 45 MSc
DM #3 Senior Engineer 18 42 MSc
DM #4 Technical Engineer 5 25 BSc
DM #5 Technical Engineer 4 27 BSc

3.2. Preprocessing Work for Maintenance Records

To enhance the quality and usability of the maintenance data, a systematic preprocess‑
ing work was implemented. The preprocessing steps addressed key challenges associated
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with data inconsistencies, missing values, and non‑standardized terminology. The prepro‑
cessing workflow ensured data integrity, consistency, and relevance.

The initial phase of preprocessing focused on text standardization and terminology
normalization to address inconsistencies arising from manual data entry and colloquial
language use. All text entries were converted to lowercase to eliminate case sensitivity
issues, thereby ensuring uniformity across the dataset. Special characters and extraneous
spaces were removed to further clean the text data. Additionally, common abbreviations
and workshop jargon were standardized using a predefined glossary of vehicle‑specific
terminology. This step also involved correcting obvious spelling mistakes in component
names and repair actions to enhance data accuracy.

The second phase addressed missing data, which is a common issue in manually doc‑
umented maintenance records. Records were first screened to identify instances with miss‑
ing critical information. Entries with excessive missing values were removed to maintain
data integrity. For the remaining records, domain knowledge was leveraged to fill in miss‑
ing values where possible. This approach ensured that incomplete records were supple‑
mented with realistic and contextually appropriate data.

The third phase of preprocessing involved data categorization to enhance the struc‑
ture and usability of the dataset. A standardized coding system was developed to classify
maintenance activities, ensuring consistency across the dataset. Similar repair actions were
grouped into standardized categories, simplifying analysis and comparison. Components
were classified into hierarchical systems, reflecting their functional relationships within
the vehicle structure. Unified failure mode descriptions were created to standardize the
representation of faults.

The fourth phase of preprocessing focused on data integration to consolidate and en‑
rich the dataset. Related maintenance records were merged to create comprehensive en‑
tries for each maintenance event, ensuring that all relevant information was captured in a
single record. The integrated dataset was then cross‑referenced with vehicle operational
data to provide contextual information and enhance the dataset’s relevance for predictive
analysis. Duplicate entries were identified and consolidated to eliminate redundancy, en‑
suring that each maintenance event was represented uniquely.

The final phase of preprocessing involved organizing the preprocessed data into a
structured format suitable for analysis. Standardized fields were created to ensure consis‑
tency across the dataset, and proper data relationships were established to maintain integrity.

Through this comprehensive preprocessing framework, the maintenance dataset was
transformed into a high‑quality, structured resource suitable for advanced analysis. The
establishment of a standardized terminology and structured relationships enables precise
tracking of component failure histories and identification of failure correlations. The en‑
hanced data quality and structured organization facilitate more accurate insights into main‑
tenance patterns and component reliability, contributing to improved maintenance plan‑
ning and decision‑making processes.

3.3. Identification of Structural Factors for Public Transportation Bus

This study initially forms an indicator set by conducting data mining on the mainte‑
nance data collected. The repair descriptions recorded at the maintenance depots are com‑
prehensively preprocessed and analyzed. The valuable information related to the mainte‑
nance activities is successfully extracted based on through data exploration and domain
knowledge. Such information includes the vehicle systems involved, components, corre‑
sponding failure modes, and associated fault severity. This study categorizes the failure
severity into four levels, as shown in Table S26.
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Based on the analysis above, a total of 119 potential fault‑causing indicators from five
major vehicle systems were proposed. Subsequently, the questionnaire form regarding
fault‑causing indicators was prepared and presented to the DMs for confirmation. Upon
several rounds of discussion sessions among experts, the less important indicators were
eliminated and some of them were integrated. Ultimately, a set of 62 critical indicators
were confirmed, as shown in Table S27.

3.4. Selection of Critical Structural Factors

While the size of the confirmed indicator set poses challenges for further analysis, it
is crucial to acknowledge that the reliability of vehicle operations is influenced not only by
the probability of failure occurrence but also by the severity of failure consequences. This
study further employs the FTA method and the IVPF‑AHP method to select more crucial
indicators that encompass both the likelihood of faults occurring and fault severity impact.

3.4.1. Factor Selection Considering Occurrence Probability by Fault Tree Analysis

In order to assess the occurrence probability of each factor contributing to vehicle
malfunctions, FTA enables the establishment of a theoretical relationship between vehi‑
cle safety problems (TE), critical systems (Immediate Events), and the failure‑causing fac‑
tors (BEs). The descriptions of Immediate Events (IEs) and BEs are provided in Table S27.
Figure S1 shows the constructed fault tree diagram for analyzing failure‑causing factors.
The occurrence proportion of BEs is extracted from the maintenance data collected. Due to
confidentiality constraints, the specific details of the maintenance records cannot be fully
disclosed. Utilizing the BIM method presented in Section 2.3, the impact of each BE on the
occurrence of the TE is assessed. Table S28 illustrates the identification and ranking of the
BEs based on their criticality concerning TE occurrence.

3.4.2. Factor Selection Considering Severity Impact by Interval‑Valued Pythagorean
Fuzzy Analytic Hierarchy Process

Considering the impact of the fault severity, the factors identified in Section 3.2. are
ranked by IVPF‑AHP, as introduced in Section 2.4. The structure of the IVPF‑AHP analysis
for vehicle operation safety is consistent with the FTA structure. A BE is treated as the fac‑
tor used for IVPF‑AHP analysis. This study consults the DMs using a questionnaire‑form
survey to obtain the pairwise evaluation for factors. The DMs use the 10‑point linguistic
rating scale, as shown in Table 1, to compare and score the relative influence between the
factor pairs. The linguistic data are obtained from each expert’s assessment. The maxi‑
mum linguistic rating value of the corresponding criterion is selected to generate the final
initial direct relation matrix. Finally, the initial direct relation matrix achieves consensus
at the brainstorming meeting. The initial pairwise comparative matrices received from the
expert team are given in the Supplementary Materials. The pairwise comparative matrices
can be established as shown in Tables S1–S20 to assess each factor’s relative severity impact
degree. The consistency examinations for pairwise comparison matrices received from ex‑
perts are conducted. Since all the CR values are smaller than 0.1, it is evident that pairwise
comparison matrices are logically consistent and trustworthy. The calculation results are
summarized in Table S21.
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3.4.3. Factor Selection Considering Both Occurrence Probability and Severity Impact

To adjust the ranking of factors taking both fault severity and fault occurrence prob‑
ability into consideration simultaneously, the combination ranking values of factors are
calculated as in Equation (25). After consulting the expert team, the adjustment weight w
is set as 0.3. The modified ranking results are presented in Table S29. This paper selects
the more critical ones to reduce the dimension of the factor set and simply uses the DEMA‑
TEL analysis complexity. The top 30 out of 62 factors are selected for further evaluation in
DEMATEL, and the list of these critical factors is presented in Table 4. The critical factors
selected are confirmed by experts in meetings, and the selection results are consistent with
the domain knowledge.

Table 4. Selected critical factors.

Critical Factor Basic Event BE Description
CF1 BE1 Failure of Transmission Computer
CF2 BE2 Failure of Transmission

CF3 BE3 Connection Misalignment of
Transmission Cable

CF4 BE4 Failure of Transmission Speed Sensor
CF5 BE6 Failure of Water Tank Fan Pump Motor
CF6 BE17 Lack of Lubricating Oil
CF7 BE18 Failure of Ignition Switch Sensor
CF8 BE20 Failure of Engine Speed Sensor
CF9 BE21 Failure of Diesel Injector
CF10 BE23 Failure of Engine Cylinder
CF11 BE24 Failure of Turbocharger
CF12 BE25 Failure of High‑Pressure Fuel Pump
CF13 BE27 Failure of ABS/ASR Sensor Circuit

CF14 BE28 Connection Misalignment of EBS
Sensor Wire

CF15 BE29 Failure of EBS Valve
CF16 BE31 Failure of Brake System Air Hose
CF17 BE32 Failure of Air Brake Cylinder
CF18 BE33 Failure of Air Brake Dryer

CF19 BE34
Connection Misalignment of

Handbrake/rear Transmission Safety
Cable

CF20 BE35 Failure of Parking Handbrake Pump

CF21 BE36 Connection Misalignment of Balance
Lever

CF22 BE37 Failure of Shock Absorber
CF23 BE38 Failure of Suspension Airbags

CF24 BE39 Failure of Power Steering Fluid Inlet
Hard Hose

CF25 BE40 Failure of Power Steering Pump
CF26 BE41 Degradation of Battery
CF27 BE42 Failure of Alternator
CF28 BE43 Failure of Alternator Belt Components

CF29 BE47 Failure of Electrical Appliance Central
Control System/line

CF30 BE52 Failure of Starter Motor

3.4.4. Cause–Effect Relationship Analysis by Interval‑Valued Pythagorean Fuzzy
Decision‑Making Trial and Evaluation Laboratory

The expert team is invited to score the relative importance of 30 critical factors using
a questionnaire‑form survey. Experts use the five‑point linguistic rating scale, as shown
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in Table 2, to pair‑wisely compare and score the relative importance between the fac‑
tors. The maximum linguistic rating value of the corresponding factor is selected, and
the linguistic term matrix is then obtained, as shown in Table S22. The linguistic term
matrix achieves consensus on meetings. Based on the linguistic term matrix, the Interval‑
Valued Pythagorean initial direct relation matrix A is obtained by transforming into Inter‑
val Pythagorean Fuzzy Sets based on semantics. After defuzzification based on Equation
(13), the crisp direct relation matrix B is obtained as shown in Table S23. The normalized
direct relation matrix N is performed by using Equation (26). The normalized direct rela‑
tion matrix is shown in Table S24. From the normalized direct relation matrix N, the total
relation matrix T is then obtained according to Equation (27), as shown in Table S25. Based
on the total relation matrix T, the influenced degrees and influence degrees are calculated
according to Equations (28) and (29), the cause degrees and centrality degrees are also cal‑
culated. The calculation results of influence degrees, influenced degrees, cause degrees,
and centrality degrees for the critical factors are summarized in Table 5. Based on the data
in Table 5, an influential diagram can be drawn, as shown in Figure 2, which allows for a
more intuitive view of the distribution of the factors.

Table 5. DEMATEL calculation results for selected critical factors.

Critical
Factors

D (Influence
Degree)

C (Influenced
Degree)

M = D + C
(Centrality
Degree)

R = D − C
(Cause
Degree)

Cause/Effect
Groups Based
on R Value

Ranking
Based on M

Value

Ranking
Based on R

Value

CF1 1.271729 1.503271 2.775000 −0.231542 Effect 10 22
CF2 0.917362 1.503316 2.420678 −0.585954 Effect 13 26
CF3 1.444551 0.897244 2.341796 0.547307 Cause 15 5
CF4 1.149821 1.598771 2.748593 −0.448950 Effect 11 24
CF5 0.981939 1.408066 2.390005 −0.426127 Effect 14 23
CF6 1.280265 0.731577 2.011842 0.548688 Cause 19 4
CF7 2.247947 1.260447 3.508394 0.987500 Cause 2 1
CF8 1.920208 1.616124 3.536333 0.304084 Cause 1 9
CF9 1.723379 1.691881 3.415260 0.031498 Cause 4 16
CF10 1.796472 1.690464 3.486936 0.106008 Cause 3 13
CF11 1.833694 1.495253 3.328947 0.338441 Cause 6 7
CF12 0.923560 1.642029 2.565589 −0.718469 Effect 12 27
CF13 0.798804 1.530272 2.329076 −0.731468 Effect 16 28
CF14 0.872186 0.755319 1.627505 0.116867 Cause 21 11
CF15 0.702164 0.565543 1.267707 0.136621 Cause 24 10
CF16 0.593035 0.561935 1.154970 0.031100 Cause 28 17
CF17 0.593295 0.643842 1.237137 −0.050547 Effect 26 19
CF18 0.617177 0.549447 1.166624 0.067731 Cause 27 14
CF19 0.558750 0.683747 1.242497 −0.124996 Effect 25 20
CF20 0.558750 1.394440 1.953190 −0.835689 Effect 20 29
CF21 0.565621 0.506980 1.072601 0.058641 Cause 29 15
CF22 0.737867 0.719515 1.457382 0.018352 Cause 22 18
CF23 0.055525 0.518177 0.573701 −0.462652 Effect 30 25
CF24 0.606828 0.835935 1.442763 −0.229107 Effect 23 21
CF25 0.583098 1.556685 2.139784 −0.973587 Effect 17 30
CF26 1.986432 1.181203 3.167634 0.805229 Cause 7 3
CF27 1.885019 1.460741 3.345760 0.424279 Cause 5 6
CF28 1.495937 0.630901 2.126838 0.865036 Cause 18 2
CF29 1.469081 1.353540 2.822621 0.115541 Cause 9 12
CF30 1.615927 1.299762 2.915689 0.316166 Cause 8 8
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3.5. Result Analysis

From Table 5 and Figure 2, the failure‑causing factors are classified into two groups
according to the positive and negative values of (D − R). If (D − R) is positive, then the
factors belong to cause group, and if the value of (D−R) is negative, then the factors belong
to effective group. Here, the cause group includes the factors {CF3, CF6, CF7, CF8, CF9,
CF10, CF11, CF14, CF15, CF16, CF18, CF21, CF22, CF26, CF27, CF28, CF29, CF30} and the
effective group includes the factors {CF1, CF2, CF4, CF5, CF12, CF13, CF17, CF19, CF20,
CF23, CF24, CF25}. The following two sub‑sections provide an analysis on the cause group
and the effect group in detail.

3.5.1. Cause Group Analysis

The factors of the cause group have net impacts on the overall vehicle in a possible
accident event. Therefore, such factors should be paid more attention by engineers in main‑
tenance management. In our numerical study, out of the 20 critical factors, 18 factors are
identified as belonging to the cause group. The components involved in those factors are
the transmission cable (CF3), lubricating oil (CF6), ignition switch sensor (CF7), engine
speed sensor (CF8), diesel injector (CF9), engine cylinder (CF10), turbocharger (CF11), EBS
sensor wire (CF14), EBS valve (CF15), brake system air hose (CF16), air brake dryer (CF18),
balance lever (CF21), shock absorber (CF22), battery (CF26), alternator (CF27), alternator
belt components (CF28), electrical appliance central control system (CF29), and starter mo‑
tor (CF30).

In the cause group, the ignition switch sensor (CF7) of the vehicle has the highest
value of (D − R), which means that the ignition switch sensor (CF7) has more of an im‑
pact on the whole system failure. In addition, Table 5 indicates that the ignition switch
sensor (CF7) holds the second rank position based on the (D + R) value, which suggests
that the ignition switch sensor (CF7) is a significant factor in vehicle failures. An ignition
switch sensor is a vital component, responsible for detecting the position of the ignition
switch and communicating this information to the electronic control units. This sensor
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plays an important role in ignition by ensuring that the engine starts only when the cor‑
rect key or signal is detected. It ensures that the engine starts reliably and all necessary
systems are powered up in the correct sequence, which is critical for maintenance activity
schedules and operation safety. Common failure types of ignition switch sensors include
intermittent starting issues, failure to start, and erratic engine behavior. Such malfunc‑
tions can lead to significant operational issues, such as service delays, increased mainte‑
nance costs, and compromised passenger safety. Additionally, a faulty ignition switch
sensor can trigger unforeseen expansion events, such as engine problems or power distri‑
bution problems. This propagation mechanism typically begins with deteriorating sensor
performance, which leads to inconsistent signal transmission to the Engine Control Unit
(ECU). Compromised ECU functionality subsequently affects various engine management
parameters, including fuel injection timing, ignition timing, and air–fuel mixture ratios.
These disruptions can manifest in multiple ways, such as irregular engine performance,
increased fuel consumption, and potential damage to catalytic converters. Furthermore,
the interdependencies between electrical and mechanical systems amplify the impact of
maintenance‑related failures. when the ignition switch sensor exhibits intermittent fail‑
ures due to delayed maintenance, which can generate voltage fluctuations throughout the
vehicle’s electrical network. These electrical disturbances can affect multiple electronic con‑
trol modules, potentially compromising the functionality of safety‑critical systems such as
anti‑lock braking systems (ABS), electronic stability control (ESC), and transmission con‑
trol units. The cumulative effect of these cascading failures not only increases the com‑
plexity of diagnostic procedures but also significantly elevates repair costs and vehicle
downtime. For similar reasons, the battery (CF26), alternator (CF27), turbocharger (CF11),
and starter motor (CF30) can be regarded as vital factors, resulting in public transportation
failure events, and should be prioritized in maintenance management. The dual‑ranking
underscores the need for targeted maintenance strategies and resource allocation to these
high‑risk and high‑impact factors. In maintenance management decision‑making, prior‑
ity should be given to conducting frequent inspections and preventive maintenance for
components involved in such critical factors, as well as allocating human and material re‑
sources accordingly.

The alternator belt components (CF28) rank the second cause degree and the eigh‑
teenth centrality degree. The high cause degree indicates that the alternator belt compo‑
nents substantially influence other factors within the vehicle system. The alternator belt
connects the alternator to the engine, enabling the alternator to generate electrical power
while the engine runs. This power is crucial for charging the battery and powering es‑
sential electrical systems. If the alternator belt fails, it can cause rapid battery depletion,
malfunctions of essential systems, and potential engine overheating. The lower central‑
ity degree indicates that though alternator belt components frequently fail, they do not
play a central role within the overall interaction network. The impact of CF28 is primar‑
ily localized and does not lead to widespread vehicle system disruptions. CF28 primarily
serves as a critical trigger factor and its impact is significant but relatively isolated. For
similar reasons, lubricating oil (CF6), transmission cable (CF3), EBS valve (CF15), and EBS
sensor wire (CF14) are ranked high in cause degree but low in centrality degree and de‑
serve more attention during maintenance management. Although these factors do not
cause widespread system disruptions, their potential risks should not be overlooked. In
maintenance decision‑making, the high‑cause and low‑centrality factors require regular
inspections and preventive maintenance to address their propensity for failure.

The engine speed sensor (CF8) has a positive but relatively low cause degree com‑
pared to the factors mentioned above in the cause group. Despite this, its importance
degree is the highest among all the factors. This indicates that while the engine speed sen‑
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sor (CF8) is not a primary driver of faults, it plays a critical role in the system’s overall
structure. The high (D + R) value reflects its extensive interactions with other components.
Such factors may not directly cause failures but their occurrence can have widespread im‑
pacts on the systems. The engine speed sensor is a crucial component that monitors the
rotational speed of the crankshaft. This sensor provides information to the engine control
unit (ECU), which uses the data to manage fuel injection, ignition timing, and other engine
functions. In addition, for similar reasons, the electrical appliance central control system
(CF29), engine cylinder (CF10), and diesel injector (CF9) are ranked low in cause degree
but high in centrality degree. The impact of such factors primarily lies in its potential to
propagate failures through the system due to its high dependency on other components.
Although these factors are not the primary causes of failures, they occupy a central position
in the vehicle system and still require attention in maintenance management. Therefore,
low‑cause and high‑centrality factors still require attention in maintenance management.

The shock absorber (CF22) is a critical component of the suspension system. The shock
absorber is designed to absorb and dampen the vibrations caused by uneven road surfaces.
As Table 5 shows, the shock absorber (CF22) has the lowest value of (D − R) among the
cause group factors, which indicates that it is a net receiver. Additionally, the value of
(D + R) for the shock absorber (CF22) is also relatively low, which suggests that it has a
limited overall impact. The combination of low (D − R) and low (D + R) values implies
that the shock absorber (CF22) neither significantly influences other components nor holds
a central position in the system’s interactions. In addition, for similar reasons, air brake
dryers (CF18), balance levers (CF21), and brake system air hoses (CF16) are ranked low in
cause degree but high in centrality degree. Therefore, from the maintenance perspective,
such components may not require the same monitoring level as components with higher
(D + R) or (D − R) values. However, it is still important to conduct proper maintenance
activities to avoid localized issues, which can affect the service quality.

3.5.2. Effect Group Analysis

In general, the failure‑causing factors within the effect group are primarily receivers
of influence, meaning their states are significantly affected by changes or failures in other
components. By identifying these effect group factors, this study can comprehensively un‑
derstand the fault propagation network. Out of the 30 failure‑causing factors, 12 factors
belong to the effect group. The components involved are the transmission computer (CF1),
transmission (CF2), transmission speed sensor (CF4), water tank fan pump motor (CF5),
high‑pressure fuel pump (CF12), ABS/ASR sensor circuit (CF13), air brake cylinder (CF17),
handbrake/rear transmission safety cable (CF19), parking handbrake pump (CF20), sus‑
pension airbags (CF23), power steering fluid inlet hard hose (CF24), and power steering
pump (CF25).

The transmission computer (CF1) is central within the effect group because of the
relatively highest centrality degree. The transmission computer (CF1) also plays a dual
role that is both influenced by and influences other components. The negative cause de‑
gree of −0.2315 that underscores the transmission computer (CF1) is predominantly an
effect rather than a cause, suggesting that transmission computer failures are often the re‑
sult of upstream issues within the vehicle system. Meanwhile, the high influenced degree
of 1.5033 further supports that the transmission computer (CF1) is notably susceptible to
upstream failures. These characteristics of vulnerability, centrality, and dual influence ne‑
cessitate the prioritization of CF1 in maintenance management. For the same reason, the
transmission speed sensor (CF4), high‑pressure fuel pump (CF12), transmission (CF2), and
water tank fan pump motor (CF5) are ranked higher in centrality degree within the effect
group, which require prioritization maintenance management decision‑making.
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The ABS/ASR sensor circuit (CF13), parking handbrake pump (CF20), and power
steering pump (CF25) typically exhibit relatively a higher centrality degree and a relatively
lower cause degree within the effect group. This suggests that these three factors have
a low impact on the overall vehicle system but are susceptible to influences from other
factors. Therefore, the ABS/ASR sensor circuit (CF13), parking handbrake pump (CF20),
and power steering pump (CF25) are unlikely to be significant failure‑causing factors for
the public transportation, indicating that maintenance resources should not be focused on
them. Similarly, the air brake cylinder (CF17), handbrake/rear transmission safety cable
(CF19), power steering fluid inlet hard hose (CF24), and suspension airbags (CF23) exhibit
relatively lower (D − R) values and the lowest centrality degree values. This indicates
that the air brake cylinder (CF17), handbrake/rear transmission safety cable (CF19), power
steering fluid inlet hard hose (CF24), and suspension airbags (CF23) do not have a signif‑
icant impact on the entire system. Consequently, maintenance resources should not be
concentrated on these components either.

3.6. Discussion
3.6.1. Summary of Analysis Findings

Identifying and evaluating the structural factors contributing to the failures of public
transportation will lead to successful maintenance management. This study reveals that
out of 30 critical factors, the transmission cable (CF3), lubricating oil (CF6), engine speed
sensor (CF8), diesel injector (CF9), engine cylinder (CF10), EBS sensor wire (CF14), EBS
valve (CF15), alternator belt components (CF28), electrical appliance central control sys‑
tem (CF29), transmission computer (CF1), transmission (CF2), transmission speed sensor
(CF4), water tank fan pump motor (CF5), and high‑pressure fuel pump (CF12) are more
important than others. Among the 14 important factors above, the ones belonging to the
cause group {CF3, CF6, CF8, CF9, CF10, CF14, CF15, CF28, CF29} are key factors for in‑
tervention as improving these factors can lead to significant overall benefits. Meanwhile,
the ones belonging to the effect group {CF1, CF2, CF4, CF5, CF12} also require attention
as they significantly impact the whole system, and ensuring their reliability is crucial for
maintaining overall system performance.

Factors with a high cause degree and high centrality degree, i.e., ignition switch sen‑
sor (CF7), turbocharger (CF11), battery (CF26), alternator (CF27), and starter motor (CF30),
are crucial as they significantly influence other factors and occupy a central position within
the fault network. The high cause degree suggests that this factor is prone to faults, while
the high centrality degree means its malfunction can lead to potentially severe operational
disruptions. Such factors should be prioritized for both maintenance schedule and main‑
tenance resources. To optimize current maintenance processes for high‑cause and high‑
centrality factors, engineers should increase inspection frequency and implement strict
test procedures to ensure these critical components are always in optimal condition. The
current regular inspections conducted at bus depots involve engineers checking each bus
component one by one, which consumes a lot of time, money, and manpower. There‑
fore, optimized regular inspections can start by focusing on factors with high cause and
high centrality. Preventive maintenance must be a key focus, with proactive measures
such as scheduled replacements, upgrades, and the use of high‑quality materials to en‑
hance durability and performance. Maintenance resources should also be prioritized for
these high‑cause and high‑centrality factors. For human resources, experienced techni‑
cians should be assigned to inspections and maintenance, and they should receive regular
training to stay updated on the latest maintenance techniques. For material resources, it
is essential to ensure an adequate inventory of spare parts to minimize downtime and
avoid cascading failures. Additionally, real‑time monitoring systems can be developed



Appl. Sci. 2025, 15, 3045 20 of 26

and integrated into practical maintenance procedures to continuously track the condition
of these critical components. By integrating these comprehensive maintenance strategies,
organizations can significantly reduce the transport bus risks associated with high‑cause
and high‑centrality factors, thereby ensuring the safety of the bus system and optimizing
maintenance efficiency.

Factors with a high cause degree but low centrality degree, i.e., transmission cable
(CF3), lubricating oil (CF6), EBS sensor wire (CF14), EBS valve (CF15), and alternator belt
components (CF28), act as critical triggers for failure events but have a more isolated im‑
pact. In maintenance decision‑making, the high‑cause and low‑centrality factors require
regular inspections and preventive maintenance to address their propensity for failure.
Additionally, maintenance resources should be efficiently allocated to minimize the down‑
time and repair costs. However, given their limited impact on the whole bus system, the
related components may not necessitate the extensive redundancy monitoring compared
with the more central components.

Factors with a low cause degree but a high centrality degree, i.e., engine speed sensor
(CF8), diesel injector (CF9), engine cylinder (CF10), and electrical appliance central con‑
trol system (CF29), while not primary drivers of failures are essential due to their crucial
position within the system. In maintenance management decision‑making, it is essential
to prioritize these high‑centrality, low‑cause degree factors. Although the components in‑
volved do not often fail, their critical position within the system means that any failure
can result in widespread disruptions. Therefore, it is essential to conduct regular and thor‑
ough inspections of these factors to ensure their proper functioning. Regular inspections
can be conducted at a moderate frequency. Additionally, implementing preventive main‑
tenance strategies can detect any early signs of potential failure and address issues before
they cause widespread system disruptions. Regarding maintenance resource allocation,
experienced technicians should be prioritized for the maintenance activities of components
involved in these critical factors. An adequate inventory of spare parts is crucial to ensure
swift replacements.

Lastly, factors with both a low cause degree and a low centrality degree, i.e., brake
system air hose (CF16), air brake dryer (CF18), balance lever (CF21), and shock absorber
(CF22), have a minimal impact on the overall system. Such factors may not require as rig‑
orous or frequent maintenance as those with higher cause or centrality degrees. However,
such factors should not be entirely neglected as their failure can still lead to localized is‑
sues affecting specific functions of the bus. In maintenance management decision‑making,
basic‑level maintenance activities can be implemented for such involved components to
ensure their proper functioning. Regular inspections can be conducted at a lower fre‑
quency. Corrective maintenance in which repairs are performed after a failure occurs can
be adopted. For resource allocation, fewer technicians can be assigned to perform inspec‑
tions and maintenance. Additionally, an adequate but not excessive inventory of spare
parts is sufficient to handle potential failures.

For factors requiring attention within an effect group, their influence can be explained
by their high effect degree, i.e., transmission computer (CF1), transmission (CF2), transmis‑
sion speed sensor (CF4), water tank fan pump motor (CF5), and high‑pressure fuel pump
(CF12). While they may not be primary drivers of failures, their malfunction can lead to
significant system‑wide disruptions. In maintenance management decision‑making, such
factors should be closely monitored to detect early signs of issues. Rapid‑response proto‑
cols should be established to swiftly address emerging problems, minimizing downtime
and service interruptions. Conversely, factors within the effect group that do not gen‑
erally require significant attention, i.e., ABS/ASR sensor circuit (CF13), air brake cylinder
(CF17), handbrake/rear transmission safety cable (CF19), parking handbrake pump (CF20),
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suspension airbags (CF23), power steering fluid inlet hard hose (CF24), and power steer‑
ing pump (CF25), have a lower impact on the overall system. The influence of these fac‑
tors is limited to less critical areas. These factors can be handled with corrective mainte‑
nance and basic maintenance schedules. Resources do not need to be heavily allocated to
these factors.

By analyzing the importance and interrelationships of critical structural factors, prac‑
tical maintenance management can achieve significant improvements in both the public
transportation safety and maintenance efficiency. By prioritizing maintenance tasks about
the factors with the higher impacts on vehicle failures, the escalation of minor issues into
significant problems can be effectively mitigated, which can enhance overall public trans‑
portation safety and ensure citizens’ well‑being and travel experience. Simultaneously,
this analysis supports resource allocation decision‑making, which allows engineers to op‑
timize the utilization of manpower and budget and minimize unnecessary maintenance
activities. Therefore, a public transportation operator can improve operational efficiency
and financial performance.

Very limited publications using MCDM methods to comprehensively evaluate the in‑
terrelationships between failure‑causing factors specific to bus safety have been conducted.
Though these studies did not systematically analyze the structural failure‑causing factors
across the entire bus structure, their conclusions could assist to verify the feasibility of the
proposed evaluation framework. Ganji et al. [26] utilized a hybrid approach combining
DEMATEL and ANP to determine the influential weights of vehicle‑related criteria. The
criteria dimension involved is only six. Their findings indicated that the brake system is
the most critical factor impacting motor vehicle accidents, followed by the fuel supply sys‑
tem. These conclusions align with our findings, which highlight that several factors related
to the brake system and fuel supply system should be prioritized in maintenance manage‑
ment. Additionally, there is no work that provides feasible recommendations for practical
maintenance management. The analysis results and actionable insights of our work have
been validated through consensus among decision‑makers (DMs).

3.6.2. Managerial Insights

Analyzing failure‑causing factors has multifaceted practical contributions which ben‑
efit various stakeholders, including bus company owners, engineers, and citizens.

From the perspective of bus company owners, the insights gained from this analysis
can significantly improve operational efficiency and financial performance. The insights
derived from the analysis and the recommendations of this work can be seamlessly inte‑
grated and optimize the real‑world maintenance processes in the bus depots. By priori‑
tizing maintenance efforts on the most significant failure‑causing factors, companies can
reduce the frequency of breakdowns and extend the lifespan of their fleets. Such a main‑
tenance approach can lower overall maintenance costs and minimize service disruptions.
Moreover, the ability to better manage resources and inventory based on empirical evi‑
dence helps bus companies optimize their budgets and improve cost effectiveness. One
of the significant advantages of the proposed maintenance optimization is that it does not
incur extra costs or require additional resources. This work does not require the instal‑
lation of sensors, data collectors, or other IoT devices which make better use of collected
maintenance records and expert judgments.

Engineers, who are responsible for the implementation of maintenance at bus depots,
can allocate maintenance resources more effectively. Focusing on the most significant fac‑
tors allows maintenance efforts to be prioritized efficiently. Understanding the interre‑
lationships between failure‑causing factors enables the development of optimized mainte‑
nance plans to prevent minor issues from escalating into major problems. Therefore, the in‑
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sights from this analysis support resource allocation, maintenance schedule optimization,
and inventory management. Additionally, the strategic approach proposed can lead to
continuous improvements in maintenance practices with the updated empirical evidence,
which results in a more resilient public transport system capable of maintaining high ser‑
vice quality even under challenging conditions. Furthermore, the outcomes of this work
can also facilitate the training of new employees as clear guidelines.

The practical benefits are substantial for citizens, who are the ultimate users of public
transport. A more reliable and safe bus service means fewer delays and a more pleasant
commuting experience. A well‑maintained bus fleet ensures that passengers can travel
safely and comfortably. Additionally, improved public transport reliability encourages
more people to use buses, reducing traffic congestion and environmental pollution. En‑
hanced public transport bus services contribute to social equity by providing all citizens
with dependable and affordable mobility options.

4. Conclusions
This study proposed a novel MCDM framework to investigate the structural failure‑

causing factors of public transportation vehicles. The comprehensive structural factors and
possible fault scenarios were identified from practical maintenance records. Based on the
logical relationships constructed by FTA, the structural factors were evaluated and ranked
by FTA and the IVPF‑AHP, which considered both severity influence and occurrence like‑
lihood influence. Furthermore, the causal diagram outputs of IVPF‑DEMATEL illustrated
the cause–effect interdependencies. Incorporating IVPF into AHP and DEMATEL effec‑
tively mitigated ambiguities inherent in human assessments, enhancing the reliability of
the analysis. The practical applicability and efficiency of the proposed framework were
validated through a case study involving a public transportation bus operator. The find‑
ings provided actionable strategies for maintenance management by categorizing failure‑
causing factors into scenarios based on causality and centrality. The high‑causality and
high‑centrality factors require the most rigorous inspection and preventive maintenance
with dedicated technical staff. The high‑causality but low‑centrality factors need regu‑
lar maintenance with reduced monitoring intensity. The low‑causality but high‑centrality
factors demand moderate maintenance. The low‑causality and low‑centrality factors re‑
quire basic maintenance and minimal resources. The high‑impact effect factors require
close monitoring and rapid response systems. These insights provide valuable guidance
for public transportation operators, enabling the optimization of maintenance strategies,
efficient resource allocation, and enhanced operational safety and reliability.

This work provides practical benefits by increasing cost efficiency for public trans‑
portation operators, empowering maintenance procedures for engineers, and enhancing
the public transportation experience for citizens. Future research can build upon this work
by incorporating updated maintenance records to refine the identification of structural fail‑
ure factors. Moreover, the proposed methodology can be extended to consider the impact
of maintenance expenses associated with each failure‑causing factor, further enhancing its
applicability and precision in decision‑making.
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