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Abstract

Digital transformation projects in the construction sector are usually implemented through
staged processes involving changing technical conditions, organizational priorities and ex-
pert participation. Existing risk assessment studies are often based on static or single-round
models, thus limiting their ability to support structural comparisons when assessments
are repeated under changing project conditions. To address this issue, this study proposes
an unsupervised learning-enhanced DEMATEL–ISM framework for stage-sensitive risk
structure analysis in construction digital transformation. DEMATEL and ISM are used to
identify causal roles and hierarchical relationships among risk factors within each assess-
ment round, while K-means clustering and principal component analysis are introduced
to extract historical relational patterns and incorporate them into subsequent structural
modeling. The framework is applied to a digital transformation project in a large construc-
tion enterprise using a two-round expert assessment with partial panel continuity. The
results show that the baseline structure is mainly driven by tangible resources and strategic
planning, whereas the follow-up structure places greater emphasis on data management
and intangible organizational capabilities. Comparative and robustness analyses further
indicate that the main structural interpretation is not driven by the enhancement layer,
threshold selection, panel reduction or individual expert judgement. This study offers a
decision-support approach for updating risk structures across assessment rounds and for
adjusting risk governance as construction digital transformation progresses.

Keywords: construction digital transformation; risk structure analysis; DEMATEL–ISM;
unsupervised learning; multi-round expert assessment; decision support

1. Introduction
Digital transformation has become an important driver of change in the construction

industry, reshaping project delivery processes, organizational structures, data management
practices and coordination mechanisms within the built environment [1]. For construction
enterprises, digital transformation refers to the use of digital technologies and data to re-
shape business processes, operational management, organizational coordination and value
creation. In practice, such transformation is often implemented through enterprise-level
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transformation projects or staged digitalization tasks managed by internal project teams.
These projects may involve Building Information Modeling (BIM) platform deployment,
smart-site system implementation, project data infrastructure, enterprise databases, data
asset management, integrated project management systems, collaborative platforms, data
governance mechanisms and data-driven decision-making tools. These activities are in-
terrelated organizational change processes through which construction enterprises adjust
workflows, data standards, management routines and coordination mechanisms.

Compared with incremental digitalization, such transformation involves hetero-
geneous technologies, cross-functional coordination and new decision-making mecha-
nisms [2,3]. During implementation, managerial priorities, information conditions, coor-
dination arrangements and operational requirements may change [4]. In the construction
context, technologies such as BIM, smart-site systems and digital platforms give these trans-
formation projects clear industry-specific characteristics, because they connect enterprise
management with project delivery, design coordination, construction execution, data han-
dover and lifecycle information management. As a result, the risk structure of construction
digital transformation projects is unlikely to remain fixed; it may evolve as implementation
moves from preparation-oriented resource mobilization toward data governance, platform
coordination and organizational embedding.

Risk assessment is therefore central to construction digital transformation. Prior
studies have developed various models to support risk identification, evaluation and
prioritization. Multi-criteria approaches, including enhanced failure mode and effects
analysis (FMEA), have been useful for ranking risk factors and supporting operational-
level evaluation [5,6]. These methods provide decision-makers with structured tools for
identifying high-risk elements. In complex digital transformation projects, however, risk
ranking alone provides only a partial basis for intervention. Such projects involve technical
systems, organizational routines, data governance and inter-organizational collaboration,
where risks are often mutually embedded [7]. Prioritization-oriented approaches may
therefore offer limited insight into how risks interact, propagate and become structurally
embedded within the broader transformation system [8,9].

From a systems perspective, managing digital transformation risk requires more than
identifying high-priority factors [10]. In construction digitalization initiatives, risks are
usually coupled across technical, organizational, data-related and inter-organizational
domains. As projects move from early preparation to operational implementation, the
structural roles of risks may also change. Some factors may function as deep drivers, some
may act as intermediate transmission mechanisms and others may appear as surface-level
outcomes [11]. In this study, risk structure refers to the configuration of directional influence,
causal role and hierarchical dependence among risk factors. Without explicitly modeling
these relationships, decision-makers may find it difficult to identify leverage points or
anticipate the system-wide effects of targeted interventions [12,13]. This issue is particularly
relevant in project-based digital transformation environments, where risk assessments may
be repeated at different stages to reflect changing organizational conditions, technical
requirements and managerial understanding [14].

Structural analysis methods provide a useful perspective for examining such rela-
tionships by revealing causal dependencies and hierarchical interactions within complex
project systems. Among these approaches, the combined use of the Decision-Making
Trial and Evaluation Laboratory (DEMATEL) and Interpretive Structural Modeling (ISM)
has been widely adopted for analyzing causal relationships and hierarchical structures
among system factors [15,16]. DEMATEL quantifies the direction and strength of influence
among factors, while ISM organizes these relationships into an interpretable hierarchy.
By integrating influence analysis with interpretive structural modeling, DEMATEL–ISM
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enables the identification of driving factors, intermediate linkages and dependent outcomes
within a system, thereby providing a clearer system-level view of risk interactions than
ranking-oriented approaches [17].

Most existing DEMATEL–ISM studies are designed for single-round structural diag-
nosis. Once the analysis is completed, the derived structure is usually treated as a relatively
stable representation of the system [18]. This assumption is difficult to maintain in con-
struction digital transformation projects. Repeated assessments conducted under different
project conditions may generate different structural configurations. These differences may
reflect changes in project priorities, implementation contexts or risk mechanisms; they may
also be affected by variations in expert judgement, information availability and assessment
emphasis [19,20]. In practice, the expert panel involved in risk assessment is rarely fixed
across all stages of a transformation project. Early-stage assessments may rely more heavily
on strategic planners, project managers and technical consultants, whereas later-stage
assessments may involve data managers, system operators, implementation specialists or
platform service providers. Such variation reflects the changing knowledge requirements
of staged construction digitalization and needs to be considered in the modeling design.

This creates a methodological challenge: how can risk structures be compared and
updated when project conditions and expert participation vary across assessment rounds?
Conventional DEMATEL–ISM provides limited support for this challenge. Recent struc-
tural and dynamic risk-analysis approaches have extended DEMATEL–ISM through fuzzy
sets, analytic network process (ANP), MICMAC, Bayesian networks and system dynamics,
improving uncertainty representation, interdependence-based prioritization, probabilistic
updating and feedback-loop analysis. These approaches provide valuable methodological
extensions, yet most applications remain oriented toward either single-setting structural
analysis or dynamic modeling assumptions that differ from repeated expert-based struc-
tural comparison. When each round is modeled independently, a change in causal role
or hierarchical position may indicate a meaningful shift in the risk system, while also
reflecting changes in expert judgement, information availability, assessment emphasis or
panel composition [21]. Direct comparison of independently generated structures therefore
provides an unstable basis for stage-sensitive risk governance. A framework is needed
that retains the interpretability of DEMATEL–ISM while incorporating historical relational
patterns into subsequent assessments in a controlled manner.

Figure 1 illustrates the methodological motivation and positioning of the proposed
framework. In construction enterprise digital transformation projects, risk assessment may
be conducted repeatedly as the project moves through different implementation stages.
Across assessment rounds, project conditions evolve, available information changes and
the expert panel may also vary. In conventional practice, each round is often modeled
independently, which makes cross-round structural differences difficult to interpret. The
proposed framework addresses this issue by learning historical relational patterns from
previous rounds and incorporating them into subsequent DEMATEL–ISM modeling. In
this way, repeated evaluations are linked into an integrated analytical process, and struc-
tural continuity can be maintained while preserving the interpretability of expert-based
risk analysis.

To address this challenge, this study develops an unsupervised learning-enhanced
DEMATEL–ISM framework for stage-sensitive risk structure analysis in construction digi-
tal transformation. DEMATEL–ISM is retained as the core method for identifying causal
roles and hierarchical relationships among risk factors within each assessment round.
Unsupervised learning is incorporated as an enhancement layer to extract relational pat-
terns from previous influence matrices and incorporate them into subsequent structural
modeling. Specifically, K-means clustering is used to identify groups of risk factors with
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similar influence profiles, while principal component analysis is used to capture dominant
relational directions in the influence data. Through this design, the framework supports
multi-round structural updating while preserving the expert-driven and interpretable
nature of DEMATEL–ISM.

 

Figure 1. Methodological motivation and positioning of the proposed framework.

The proposed framework is applied to a digital transformation project in a large con-
struction enterprise. Two rounds of expert evaluation conducted under different assessment
conditions are used to examine how the framework supports structural comparison and
interpretation across stages. The application evaluates whether the proposed framework
can provide a more consistent and interpretable basis for analyzing risk structure changes
when project conditions and expert participation vary across assessment rounds.

This study makes three main contributions. First, it reframes digital transformation
risk assessment in construction as a multi-round structural updating problem that goes
beyond conventional risk prioritization. This perspective emphasizes that the managerial
significance of a risk factor depends on its causal role and hierarchical position within
the broader system. Second, it extends DEMATEL–ISM from single-round structural
diagnosis to controlled multi-round structural updating. The framework uses K-means
clustering and principal component analysis (PCA) to extract historical relational patterns
and support structural comparison across heterogeneous assessment rounds while retaining
the expert-driven interpretability of DEMATEL–ISM. Third, it provides a construction
management-oriented decision-support approach for stage-sensitive risk governance in
digital transformation projects. The framework helps project managers and construction
enterprises interpret how risk drivers, transmission factors and outcome-related risks may
be reorganized as implementation moves from preparation-oriented resource mobilization
toward data-dependent operation, platform coordination and organizational embedding.
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2. Literature Review
2.1. Digital Transformation Risks in Construction

Digital transformation in construction is no longer discussed only as the adoption of
isolated tools such as BIM, digital twins, sensors or platform systems. It is increasingly
viewed as a broader organizational and inter-organizational transition involving changes in
workflows, governance arrangements, information integration and stakeholder coordina-
tion across the project lifecycle [22,23]. For construction enterprises, digital transformation
also involves the use of digital technologies and data to reshape business processes, op-
erational management, organizational coordination and value creation. In this context,
digitalization processes are often fragmented and uneven, shaped by technological readi-
ness, strategic alignment, institutional support, skills development and ecosystem-level
collaboration. As a result, digital transformation risks arise from the combined influence of
technological, organizational, market and governance conditions.

Existing research on digital transformation risks in construction can be broadly
grouped into three streams. The first focuses on technology adoption and implemen-
tation barriers. BIM-related research forms an important part of this stream because BIM is
one of the most widely adopted digital technologies in construction project management.
At the project level, BIM supports model-based design coordination, clash detection, con-
struction planning, quantity take-off, schedule and cost integration, quality control and
digital handover [24]. Its implementation also introduces management requirements con-
cerning model accuracy, information delivery standards, data exchange, model ownership,
role allocation, common data environments and coordination among designers, contractors,
consultants and owners [25]. Therefore, BIM-related risks are often associated with inter-
operability problems, insufficient standards, weak model coordination, uneven modeling
capability, unclear information requirements and limited BIM management capacity [26].
Related studies on smart-site systems, digital platforms, sensors and project data systems
further highlight risks associated with infrastructure gaps, data fragmentation, weak data
quality, platform incompatibility and uneven digital readiness across firms or regions.
These studies indicate that technology-related risks concern not only tool adoption, but
also the management, integration and use of digital technologies in construction project
and enterprise workflows.

The second stream examines organizational and managerial constraints. These studies
highlight weak strategic commitment, fragmented responsibilities, resistance to process
redesign, capability shortages, inadequate change management and limited digital gov-
ernance capacity [27]. In construction enterprises, these organizational issues are closely
connected with the management implications of digital technologies. BIM-enabled project
coordination requires clear model management responsibilities, data standards, collab-
orative workflows and information delivery procedures [28,29]. Smart-site implemen-
tation requires coordination between site monitoring, quality and safety management,
platform operation and project-level data feedback [30]. Enterprise data systems and
digital platforms require data ownership, data-quality control, cross-departmental gover-
nance mechanisms and data-driven management routines [31]. As a result, organizational
risks and technology-management risks often become intertwined during construction
digital transformation.

The third stream addresses networked and stakeholder-dependent risks, such as low
trust, poor information sharing, misaligned incentives, regulatory uncertainty and weak
coordination among clients, contractors, consultants, suppliers and public agencies [22].
Digital transformation in construction frequently depends on cross-organizational data
exchange and collaborative use of digital platforms. BIM-enabled coordination, digital
handover and lifecycle information management involve multiple participants with dif-
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ferent responsibilities, data standards, contractual positions and incentives [32]. Weak
stakeholder coordination may therefore affect the quality, continuity and usefulness of
digital information across project and organizational boundaries [33]. These studies suggest
that digital transformation risks in construction are structurally interdependent, where
problems in one domain may trigger or amplify constraints in others across the system.

A further feature of the construction context is that digital transformation unfolds
through projects, programs and staged organizational initiatives [34]. As firms move from
early digital preparation to deeper operational embedding, the locus of risk may also shift.
Early-stage concerns are often associated with strategic commitment, resource mobilization,
technology selection and initial platform construction, whereas later-stage problems tend
to concentrate around data governance, cross-platform integration, workflow adaptation,
sustained collaborative use and organizational learning. Recent studies on digital transfor-
mation management in construction and on human-centered change management both
point to this processual character: transformation success depends on how organizations
continuously adapt structures, routines, roles and data practices over time. This implies
that digital transformation risk in construction should be analyzed as an evolving system
rather than as a fixed list of barriers [3].

2.2. Structural Analysis Methods

Because construction digital transformation involves multiple mutually reinforcing
constraints, structural analysis methods have become increasingly relevant for risk studies
that go beyond simple ranking or frequency-based identification [5]. Unlike approaches
that treat risks as independent evaluation items, structural methods aim to uncover how
factors influence one another, which elements operate as deep drivers and how downstream
outcomes emerge from layered causal relations. This logic is especially useful in project-
based construction environments, where decision contexts are characterized by significant
uncertainty and complexity, and risks may interact across technical, organizational, and
external domains [35]. Earlier construction risk research using system dynamics also
emphasized interaction structures and feedback mechanisms in understanding risk [36].

Among structural methods, the DEMATEL–ISM combination is particularly suit-
able for this purpose. DEMATEL identifies the direction and strength of causal influence
among factors [37]. ISM then organizes these relationships into a hierarchical structure
that distinguishes deep, intermediate, and surface-level elements. The broader DEMATEL
literature shows that the method has been widely used to analyze complex interdepen-
dencies across management and engineering contexts, because it offers an interpretable
way to separate driving from dependent factors and to visualize system structure [17].
In construction-related studies, DEMATEL–ISM and its extensions have been applied to
digital technology adoption barriers, construction schedule and safety risks, emergency re-
sponse capability, prefabricated building supply-chain resilience, smart-city resilience and
construction project risk evaluation [38–41]. These applications demonstrate the value of
DEMATEL–ISM for revealing risk architecture and supporting system-level interpretation.

Recent hybrid DEMATEL studies have further extended this structural logic by inte-
grating methods such as MICMAC, ANP, system dynamics and other analytical modules to
strengthen factor classification, priority derivation, interdependence analysis or feedback
simulation [42–46]. These studies confirm the methodological flexibility of DEMATEL–ISM
as a structural decision-support tool. Their dominant analytical focus, however, remains
the identification, classification or prioritization of system factors within a given assess-
ment context. Limited attention has been paid to how DEMATEL–ISM structures can be
compared and updated when assessments are repeated under changing project conditions,
changing information availability and partial expert-panel continuity.
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This gap is important for construction digital transformation. Commonly identi-
fied risks, such as limited digital capabilities, fragmented governance, data management
challenges and weak inter-organizational coordination, are closely interconnected. Their
influence depends both on their individual importance and on how they interact with
other factors in the broader transformation system. As digital transformation projects
move across stages, these interactions may also change. Structural approaches such as
DEMATEL–ISM therefore provide a useful foundation for examining risk relationships,
while the repeated-assessment setting requires an additional mechanism for maintaining
continuity between structural models across rounds.

2.3. Limitations of Existing Applications

Two limitations remain evident in the existing literature. First, most DEMATEL–ISM
applications in construction and digitalization research are based on a single round of
expert judgement, after which the resulting causal map or hierarchical structure is treated
as a relatively stable representation of the system [47,48]. This approach is methodologi-
cally convenient and useful for structural diagnosis within a specific assessment setting.
However, it is less suitable for construction digital transformation projects, where orga-
nizational priorities, technical conditions, data practices and collaboration arrangements
may change across implementation stages. Even when existing studies acknowledge that
digital transformation is phased or adaptive, the structural modeling process itself usually
remains static.

Second, dynamic risk analysis in the wider construction literature is usually pursued
through system dynamics, Bayesian updating, dynamic quantitative models or real-time
monitoring frameworks [14,49]. These approaches provide valuable support for modeling
temporal changes, feedback processes and probabilistic updating. However, they do not
directly address a specific problem in expert-based structural modeling: how to compare
DEMATEL–ISM structures when repeated assessments are conducted under changing
project conditions and potentially different expert participation. In construction digital
transformation projects, repeated assessments are often necessary because different stages
involve different information, managerial concerns and technical requirements. At the
same time, expert judgement may be affected by framing, uncertainty, available information
and panel composition [50,51]. As a result, direct comparison of independently generated
DEMATEL–ISM structures may lead to unstable or ambiguous interpretations. To clarify
the methodological positioning of this study, Table 1 compares several established structural
and dynamic risk-analysis approaches. The comparison focuses on their suitability for
the specific task addressed in this study: updating and comparing expert-derived risk
structures across repeated assessments of construction digital transformation projects.

These approaches provide useful tools for probabilistic inference, prioritization, uncer-
tainty representation and dynamic simulation. However, the specific problem addressed
in this study is different: repeated expert-based DEMATEL–ISM assessments need to be
compared and updated when project conditions, information availability and expert par-
ticipation change across rounds. The proposed framework is positioned to address this
problem by retaining the causal-role and hierarchy interpretation of DEMATEL–ISM while
introducing a controlled mechanism for cross-round structural continuity.

This limitation is particularly important for construction digital transformation
projects. These projects are staged, organizationally heterogeneous and dependent on
changing stakeholder configurations. Expert panels may therefore vary across assessment
rounds, as the project itself involves different actors and knowledge requirements at differ-
ent stages. The methodological issue is to provide a structured basis for comparing and
updating risk structures under such heterogeneous assessment conditions.
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Table 1. Methodological positioning against alternative structural risk-analysis approaches.

Approach Main Use Main Requirements Suitability for This Study

Bayesian
networks/dynamic

Bayesian networks [42]

Probabilistic risk
inference

Network structure,
prior/conditional probabilities

and sufficient elicitation or
observation data

Useful for probability
updating, but less direct

for comparing
DEMATEL–ISM causal

roles and hierarchies across
expert-assessment rounds

ANP-based DEMATEL
hybrids [43]

Interdependence-based
priority weights

Pairwise comparisons and
supermatrix construction

Useful for priority
derivation, but less focused

on structural continuity
between repeated

assessments

Fuzzy DEMATEL/fuzzy
MCDM [44,45]

Uncertainty-aware
expert evaluation

Fuzzy scales, membership
functions, aggregation and

defuzzification rules

Useful for handling
judgement vagueness,

while cross-round
structural updating

requires additional design

System dynamics [46] Feedback simulation
over time

Causal loop diagrams,
stock–flow equations and

parameter calibration

Useful for dynamic
simulation, but less aligned

with matrix-based
structural comparison

under limited project data

Conventional
DEMATEL–ISM [16]

Causal-role and
hierarchy identification

Expert pairwise
influence judgements

Effective for single-round
structural diagnosis;

limited in linking repeated
assessment rounds

What is still missing is a framework that preserves the interpretability of DEMATEL–
ISM while improving the continuity of structural comparison across assessment rounds.
In response, this study proposes an unsupervised learning-enhanced DEMATEL–ISM
framework. The purpose of introducing unsupervised learning is to extract relational
patterns from earlier influence matrices and incorporate them into subsequent structural
modeling. In this way, the framework addresses the gap between static expert-based
structure identification and the practical need for multi-round risk structure updating in
construction digital transformation.

3. Methodology
3.1. Methodological Positioning and Framework Overview

This study develops an unsupervised learning-enhanced DEMATEL–ISM framework
for multi-round risk structure analysis in construction digital transformation projects. The
framework is designed for assessment settings in which project conditions, available infor-
mation and expert participation may vary across stages. Hence, it incorporates historical
relational patterns into subsequent modeling so that risk structures can be updated and
compared in a more consistent and interpretable manner. The directional influence rela-
tionships among construction digital transformation risks are difficult to observe directly
from routine project data. The framework therefore uses expert elicitation as the primary
input for structural modeling. The purpose of the model is to organize, aggregate and
examine expert knowledge about inter-factor influence relationships through a transparent
structural procedure.
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The framework consists of three conceptual layers: a DEMATEL layer, an ISM layer
and an unsupervised-learning enhancement layer. The DEMATEL and ISM layers jointly
construct the structural representation of risk interactions within each assessment round.
The enhancement layer introduces historical structural information from previous rounds
to support comparison and updating under changing assessment conditions. Through this
design, the framework retains the expert-driven and interpretable nature of DEMATEL–ISM
while improving its applicability to staged construction digital transformation projects.

In each assessment round, DEMATEL is applied to construct the influence matrix
based on expert evaluations of pairwise relationships among identified risk factors. The
resulting total influence matrix represents the strength and direction of interactions within
the risk system and provides the basis for identifying driving and dependent roles among
risk factors. These relational patterns describe how risks influence one another within a
given assessment setting. The ISM layer then translates these influence relationships into
an interpretable hierarchical structure. By organizing risk factors into multiple levels, ISM
distinguishes deep drivers, intermediate transmission factors and surface-level outcomes
within the risk hierarchy. This representation allows the structural architecture of the risk
system to be examined within each assessment round.

To support multi-round structural comparison, the framework introduces an enhance-
ment layer that incorporates historical structural information into subsequent assessment
rounds. Unsupervised-learning techniques are applied to the influence matrices obtained
in previous rounds to extract relational patterns embedded in earlier structural results.
In this study, K-means clustering is used to identify groups of risk factors with similar
influence profiles, while PCA captures dominant relational directions within the influence
data [52]. These techniques are selected because they are transparent, interpretable and
compatible with the expert-driven logic of DEMATEL–ISM. K-means provides a clear
grouping mechanism for factors with similar historical influence profiles, which can be
directly converted into a cluster-based structural similarity matrix. PCA provides a parsi-
monious way to identify the dominant relational direction in the historical influence matrix
and to convert this information into factor-level structural weights. Alternative approaches,
such as hierarchical clustering, fuzzy clustering or nonlinear dimensionality-reduction
methods, may capture richer patterns, but they also introduce additional modeling choices,
including dendrogram cut-off rules, membership parameters, embedding settings or larger
data requirements. These additional choices may reduce interpretability in a small expert-
based DEMATEL–ISM setting. The structural patterns extracted from earlier rounds are
then incorporated into the current influence matrix through matrix-level adjustment. In
this way, current expert evaluations are interpreted in relation to previously observed
structural patterns.

Figure 2 presents the overall analytical framework. In the initial assessment round,
the procedure corresponds to a standard DEMATEL–ISM analysis. In subsequent rounds,
relational patterns derived from previous structural results are incorporated through
the enhancement layer. The framework therefore supports risk structure updating and
comparison across assessment rounds while allowing current project conditions and expert
evaluations to influence the resulting structure.
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Figure 2. Framework for multi-round structural updating of digital transformation risks.

3.2. Construction Steps of the Framework

Based on the framework described above, the construction procedure consists of the
following analytical steps.

Step 1. Risk factor identification and influence matrix construction.

Risk factors are identified through a combination of systematic literature review and ex-
pert consultation in the field of construction digital transformation. Let S = {S1, S2, . . . , Sn}
denote the set of n risk factors, and E =

{
e1, e2, . . . , eq

}
denote the panel of q ex-

perts. All experts are assumed to have equal importance, expressed as 1
q . To quan-

tify the pairwise influence relationships among these factors, expert surveys are con-
ducted, in which evaluations are provided by domain specialists with substantial profes-
sional experience in construction digital transformation-related fields and complementary
functional backgrounds [53].

To capture nuanced expert judgements, a five-point evaluation scale ranging from
0 (no influence) to 4 (very strong influence) is adopted, as shown in Table 2 [48]. For
each assessment round r(r = 1, 2, . . . , R), each expert, eφ ∈ E(φ = 1, 2, . . . , q), employs the
scoring method to evaluate the degree of influence of factor Si on factor Sj. The aggregated
expert judgements are then used to construct the direct influence matrix, X(r) [47]:

X(r) =
(

x(r)ij

)
n×n

=

(
∑q

φ=1
1
q

x(r)ijφ

)
n×n

=


0 . . . x1n
...

. . .
...

xn1 . . . 0


n×n

(1)

where x(r)ij represents the average influence of factor Si on factor Sj given by all the experts
in the rth assessment round for i, j = 1, 2, . . . , n, r = 1, 2, . . . , R, φ = 1, 2, . . . , q.
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Table 2. Evaluation scale for the influence of risk factors.

Degree of Influence Level

0 No influence
1 Weak influence
2 Moderate influence
3 Strong influence
4 Very strong influence

Step 2. Normalization of the direct influence matrix.

To ensure comparability across factors, the direct influence matrix, X(r), is normalized
into matrix A(r) for r = 1, 2, . . . , R, with all elements bounded within using [0, 1] [41]:

A(r) =
X(r)

max
1≤i≤n

∑n
j=1 x(r)ij

(2)

where the denominator represents the maximum row sum of matrix X(r), ensuring that all
elements of A(r) lie within the interval [0, 1]. This normalization also guarantees that the
spectral radius of A(r) is less than one.

Step 3. Derivation of the total influence matrix.

For the rth assessment round, the total influence matrix, B(r) =
(

b(r)ij

)
n×n

, which

captures both direct and indirect effects, is obtained as follows [41]:

B(r) = A(r) +
(

A(r)
)2

+ · · ·+
(

A(r)
)n

= A(r)
I −

(
A(r)

)n−1

I − A(r)
(3)

For computational convenience, the following equivalent form is used [41]:

B(r) = A(r)
(

I − A(r)
)−1

(4)

where I denotes the identity matrix, and r = 1, 2, . . . , R.

Step 4. Identification of causal influence characteristics.

Based on the total influence matrix, B(r), four indicators, namely driving power, f (r)i ;

dependence power, e(r)i ; prominence, ε
(r)
i ; and relation, δ

(r)
i , in assessment round, r, are

derived by the following [48]:

f (r)i = ∑n
j=1 b(r)ij (5)

e(r)i = ∑n
j=1 b(r)ji (6)

ε
(r)
i = f (r)i + e(r)i (7)

δ
(r)
i = f (r)i − e(r)i (8)

where i = 1, 2, . . . , n, r = 1, 2, . . . , R.
Prominence reflects the overall importance of a factor, while the sign of relation index

distinguishes driving factors from dependence ones.

Step 5. Construction of the overall influence structure.
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For assessment round, r, the sum of the identity matrix and the total influence matrix
constitutes the overall influence matrix, D(r) =

(
d(r)ij

)
n×n

, which can be constructed by

the following [47]:
D(r) = I + B(r) r = 1, 2, . . . , R (9)

Step 6. Reachability matrix generation.

To simplify the structural representation, a threshold, λ, is applied to the over-
all influence matrix, D(r). Following common practice, λ is determined as the mean
plus the standard deviation of all elements in D(r). The resulting reachability matrix,
H(r) =

(
h(r)ij

)
n×n

, can be constructed by the following [16]:

h(r)ij =

0, d(r)ij < λ

1, d(r)ij ≥ λ
(10)

where if h(r)ij = 0, then there is no connection path between factor Si and Sj. If h(r)ij = 1, then
there is a connection path between factor Si and Sj, i, j = 1, 2, . . . , n, r = 1, 2, . . . , R.

The robustness of the resulting hierarchical structure under alternative threshold
schemes is further examined in the application section.

Step 7. Hierarchical decomposition of the risk system

For each factor Si in assessment round r, the reachable set Q(Si)
(r) and the antecedent

set P(Si)
(r) of factor Si can be determined by [17]:

Q(Si)
(r) =

{(
Sj
∣∣Sj ∈ S

)
, h(r)ij = 1

}
(11)

P(Si)
(r) =

{(
Sj
∣∣Sj ∈ S

)
, h(r)ji = 1

}
(12)

where i, j = 1, 2, . . . , n, r = 1, 2, . . . , R.
A factor, Si, is assigned to the current hierarchical level if it satisfies the following

condition, denoted as follows [17]:

Q(Si)
(r) = Q(Si)

(r) ∩ P(Si)
(r), i = 1, 2, . . . , n, r = 1, 2, . . . , R (13)

This condition means that factor Si does not influence any additional factors within
the system and thus represents a top-level element in the current hierarchical partition.
Once the factors at the current level are identified, the corresponding rows and columns
are removed from the reachability matrix, H(r), in assessment round, r.

Step 8. Construction of the Hierarchical Risk Structure.

Step 7 is repeated until all factors are assigned to hierarchical levels. This iterative
partitioning process produces a multi-level structure that distinguishes surface factors,
intermediate transmission factors and deep driving factors.

Step 9. Baseline structural analysis and cross-round pattern learning.

To support multi-round structural comparison, the analysis distinguishes between
the baseline assessment round (r = 1) and subsequent assessment rounds (r ≥ 2). In the
baseline round, the standard DEMATEL–ISM procedure (Steps 1–8) is applied to obtain
the initial total influence matrix. For subsequent rounds, historical structural information
obtained from previous assessments is incorporated to extract stable relational patterns
within the evolving risk system.
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Let B̂(r) =
(

b̂(r)ij

)
n×n

denote the final total influence matrix of assessment round, r,

and then we have the following formula:

B̂(r) =

{
B(1), r = 1

B(r)
ad , r ≥ 2

(14)

b̂(r)ij =

b(1)ij , r = 1

b(r)ijad
, r ≥ 2

(15)

where B(r)
ad is the adjusted total influence matrix, and b(r)ijad

is the adjusted element in B(r)
ad .

For the baseline round (r = 1), no structural enhancement is applied. The standard
DEMATEL-ISM procedure, namely Steps 1–8, can be directly performed on X(1) to obtain
the total influence matrix, B(1).

For each subsequent round (r ≥ 2), relational information from the previous assess-
ment round is used to extract historically observed structural patterns. Specifically, the
final total influence matrix, B̂(r−1), obtained in the previous assessment round, r − 1, serves
as the input for unsupervised learning, which aims to identify structurally similar factors
and dominant relational directions.

Based on the learned clustering structure and principal component analysis, a cluster-
based structural similarity matrix and a driving-weighting matrix are constructed, as
detailed in Step 10.

Step 10. Structural pattern learning using unsupervised methods.

For each dynamic assessment round, r(r ≥ 2), unsupervised-learning techniques are
employed to extract stable relational patterns from the historical final total influence matrix,
B̂(r−1), obtained in the previous round, r − 1. This step aims to identify factors with
similar historical influence profiles and dominant relational directions in the previous
assessment matrix.

Let b̂(r−1)
i =

(
b̂(r−1)

i1 , b̂(r−1)
i2 , . . . , b̂(r−1)

in

)
be the final influence vector of factor Si derived

from B̂(r−1) for the previous assessment round, r− 1, where r = 2, . . . , R. To identify groups
of risk factors with similar causal roles, K-means clustering is applied to the influence
vector, b̂(r−1)

i .

Let c(r−1)
k =

(
c(r−1)

k1 , c(r−1)
k2 , . . . , c(r−1)

kn

)
denote the centroid of cluster, k, for the assess-

ment round, r − 1. The Euclidean distance [54] between factor Si and centroid c(r−1)
k is

constructed as follows:

d
(

b̂(r−1)
i , c(r−1)

k

)
=

√
∑n

p=1

(
b̂(r−1)

ip − c(r−1)
kp

)2
(16)

where p denotes the dimensionality of the feature space, d(., .) represents the distance
between two p dimensional vectors, i, p = 1, 2, . . . , n, r = 2, . . . , R, k = 1, 2, . . . , K,
1 ≤ K ≤ n and K ∈ N+.

At the initial stage of the K-means procedure, the cluster centroids, c(r−1)
k (k = 1, 2, . . . , K), are

initialized by randomly selecting K influence profile vectors from the set
{

b̂(r−1)
i

∣∣∣i = 1, 2, . . . , n
}

.
Then, the centroids can be calculated by the following formula [55]:

c(r−1)
k =

1∣∣∣G(r−1)
k

∣∣∣∑Si∈G(r−1)
k

b̂(r−1)
i ,k = 1, 2, . . . , K,r = 2, 3, . . . , R (17)
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where G(r−1)
k and

∣∣∣G(r−1)
k

∣∣∣, respectively, represent the set and number of factors in cluster k
for the assessment round, r − 1. After convergence, each factor is assigned a cluster label
expressed by c(r−1)(Si).

The structural distance between factor Si and Sj is derived by the following formula:

d
(

b̂(r−1)
i , b̂(r−1)

j

)
=

√
∑n

p=1

(
b̂(r−1)

ip − b̂(r−1)
jp

)2
(18)

where i, j, p = 1, 2, . . . , n, r = 2, . . . , R.
The cluster-based enhancement coefficient, α

(r)
ij , for assessment round, r, is defined

as follows [56]:

α
(r)
ij =


1 + η, i = j

1 + η

(
1 −

d
(

b̂(r−1)
i ,b̂(r−1)

j

)
d(r−1)

max

)
, i ̸= j and c(r−1)(Si) = c(r−1)(Sj

)
1, i ̸= j and c(r−1)(Si) ̸= c(r−1)(Sj

) (19)

where d(r−1)
max = max

i,j
d
(

b̂(r−1)
i , b̂(r−1)

j

)
, and η is a scaling coefficient controlling the strength

of within-cluster enhancement. In this study, η is set to 0.5 as a moderate enhancement
coefficient. This setting provides limited within-cluster reinforcement while avoiding
excessive dependence on historically observed clusters and preserving the dominant in-
formation contained in the current expert evaluations [54–56]. The resulting coefficients,
α
(r)
ij (i, j = 1, 2, . . . , n), are assembled into a structural similarity matrix, U(r) =

(
α
(r)
ij

)
n×n

.

For each dynamic round, r ≥ 2, to identify dominant driving patterns, PCA is ap-
plied to the historical final total influence matrix, B̂(r−1), containing influence vectors
b̂(r−1)

i (i = 1, 2, . . . , n). And the covariance matrix is expressed as follows [57]:

Σ(r−1) =
1
n∑n

i=1

(
b̂(r−1)

i − b
(r−1)

)(
b̂(r−1)

i − b
(r−1)

)T
(20)

where b
(r−1)

is the mean influence vector of the final total influence matrix, B̂(r−1).

Let v(r−1) =
(

v(r−1)
1 , . . . , v(r−1)

n

)T
be the eigenvector associated with the largest eigen-

value of the covariance matrix, Σ(r−1). Then the PCA-based driving weight of factor Si is
calculated by the following formula [58]:

ω
(r)
i =

(
v(r−1)

i

)2

∑n
i=1

(
v(r−1)

i

)2 (21)

where ω
(r)
i reflects the contribution of factor Si to the leading principal component, which

captures the dominant variance of the system.
Based on this contribution, a structural weighting coefficient, β

(r)
i , is defined as follows:

β
(r)
i = 1 + γω

(r)
i (22)

where 0 < γ < 1 and is a scaling parameter controlling the contribution of PCA results.
In this study, γ is set to 0.5 as a moderate weighting coefficient to balance structural

sensitivity and robustness. This setting incorporates PCA-derived historical information in
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a controlled manner [59,60], so that historically dominant relational directions can inform
the updated matrix without suppressing new influence patterns in the current assessment.

W(r) = diag
(

β
(r)
1 , β

(r)
2 , . . . , β

(r)
n

)
,r ≥ 2. (23)

Step 11. Influence matrix updating based on structural reinforcement.

According to the cluster-based structural similarity matrix, U(r), and the diago-
nal driving-weighting matrix, W(r), the direct influence matrix for the current assess-
ment round, r, is dynamically adjusted. The adjusted direct influence matrix is defined
as follows [61]:

X(r)
ad =

{
X(1), r = 1

W(r)
(

X(r) ◦ U(r)
)

, r ≥ 2
(24)

where ◦ denotes the Hadamard product. Both U(r) and W(r) are derived from the historical
structural learning procedure described above.

Through this matrix-level adjustment, structural information learned from the final
influence matrix of the preceding assessment round is incorporated into the current evalua-
tion. The updated matrix is still constructed from the current direct influence matrix, while
the cluster-based similarity matrix and PCA-derived driving weights provide bounded
structural reference from the previous round. Therefore, the enhancement mechanism
improves cross-round continuity while allowing new influence patterns in the current
expert assessment to reshape the resulting structure.

The adjusted matrix, X(r)
ad , is then used as the input for Steps 2–8 to derive the nor-

malized matrix, the total influence matrix and the corresponding ISM-based hierarchical
structure for the current round. The threshold, λ(r), is recalculated based on the updated
overall influence matrix, ensuring that the resulting structure remains responsive to the
current assessment conditions. Through this process, the framework supports structural
updating across assessment rounds while limiting excessive dependence on historically
observed patterns.

All the aforementioned numerical analyses, including matrix calculations,
DEMATEL–ISM modelling, K-means clustering, principal component analysis, and ro-
bustness analyses, were implemented in Python 3.9 (Python Software Foundation, Wilm-
ington, DE, USA) using the Spyder 6.1 integrated development environment (Spyder
Project Contributors).

4. Case Study
This section uses an enterprise-level digital transformation project undertaken by

a large construction group headquartered in Shanghai, China, as an application-based
evaluation of the proposed framework. The group is a comprehensive construction en-
terprise engaged in engineering design, project delivery, infrastructure development and
related management services. In recent years, the organization has actively promoted
digital transformation initiatives to improve operational efficiency, strengthen information
integration and enhance decision-making capabilities across different business units.

The selected case concerns an enterprise-level digital transformation project imple-
mented within the organization. The initiative aimed to support enterprise-wide digital
integration and management optimization through the development of an integrated
digital platform. The platform was designed to facilitate information sharing, process
coordination and data connectivity across multiple business and administrative functions.
Key activities included improving project-related information exchange, enhancing cross-
departmental collaboration, integrating digital records from different operational units,
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strengthening data governance and improving the efficiency of internal management and
project-support processes. The project also incorporated digital technologies and manage-
ment practices commonly adopted in the construction industry, including BIM-enabled
coordination, digital monitoring tools, data management systems and platform-based
collaboration mechanisms.

The challenges and risks encountered during implementation were associated with
interactions among technological, organizational and managerial factors, including resource
allocation, digital capability, data management, technical infrastructure, strategic planning,
organizational adaptation and inter-organizational coordination. These characteristics
reflect the multidimensional nature of construction digital transformation. They also make
the case suitable for examining whether the proposed framework can capture evolving
relationships among risk factors and support interpretable risk-structure updating under
changing assessment conditions.

4.1. Data Collection

Data were collected through a structured expert survey conducted between June
and July 2025. Ethical approval for the study was granted by the Ethics Committee of
Tongji University. The first-round assessment involved a panel of ten experts, which
falls within the range commonly adopted in DEMATEL–ISM-based risk analysis and
decision-support studies.

The experts were selected according to the characteristics of the case project and the
broader requirements of construction enterprise digital transformation. Since the case
project focused on internal digital platform development, data connectivity, process coor-
dination, data governance and management-process digitalization within a construction
group, the assessment required experts who could evaluate risk relationships from com-
plementary construction, management and digital transformation-related perspectives.
The panel therefore included experts from engineering design, project consultancy, real
estate development, construction execution, scientific research, quality inspection and
public-sector project supervision. All experts had substantial professional experience in
construction-related contexts and direct exposure to digital technologies, digital manage-
ment practices or digital transformation initiatives relevant to the case. Their professional
diversity helped reduce dependence on a single disciplinary viewpoint and supported a
balanced evaluation of inter-factor influence relationships in the specific case context [53].
The expert profiles are summarized in Table 3.

The set of influencing factors used for structural risk analysis was developed through a
structured refinement process grounded in prior research and expert deliberation. In earlier
research, a comprehensive risk taxonomy for digital transformation projects in construction
enterprises was developed to support quantitative risk prioritization [5]. Building on this
foundation, the present study re-examines these risk elements from a structural modeling
perspective. The aim is not to reproduce the full operational indicator system, but to identify
a manageable set of structurally meaningful factors for pairwise influence assessment
in DEMATEL–ISM.

This refinement is necessary because construction digital transformation risks are
embedded in project-based, multi-actor and lifecycle-spanning processes. Digital transfor-
mation in construction involves not only enterprise-level strategy, but also BIM-enabled
design coordination, smart-site implementation, project data exchange, platform integra-
tion, supply-chain collaboration and digital handover. Because DEMATEL–ISM requires
experts to evaluate directional relationships among all factor pairs, an excessively large in-
dicator set would increase the cognitive burden of expert judgement. Conceptually related
indicators were therefore consolidated into ten higher-level factors. To avoid ambiguity,
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Table 4 specifies the concrete meaning of each factor in the context of construction digital-
ization. As a result, ten influencing factors were established for the case study, denoted as
S = {A1, A2, B1, B2, . . . , E2}.

Table 3. Experts’ profiles.

Expert Position/Title Expertise Years of Experience

1 Real estate project manager Project management and
smart buildings 11

2 Structural design engineer Digital modeling and BIM technology 9

3 Design engineer Large-scale structural design
and simulation 5

4 University professor Seismic design and geological disaster
prevention 23

5 Special project researcher Offshore structure design and digital
management 9

6 Engineering inspection manager Digital monitoring and quality control of
existing buildings 18

7 Housing and
construction official Smart city planning and project review 13

8 Project consultant Digital transformation strategies for
construction enterprises 7

9 Commercial real estate director Digital marketing and commercial
project management 8

10 Construction researcher Construction technology and
smart construction 6

Before the pairwise assessment, the experts were provided with a project briefing that
described the case background, the main digital transformation tasks, the factor definitions
in Table 4 and the evaluation scale. The briefing clarified that the case project focused
on internal digital platform development, data connectivity, process coordination, data
governance and management-process digitalization within a construction group, while
also involving construction-specific digital technologies such as BIM-enabled coordination,
digital monitoring tools and platform-based collaboration mechanisms. This procedure
was used to ensure that all experts evaluated the same project context, understood the
construction-specific meaning of each factor and provided more consistent directional
influence judgements.

The analysis was conducted in two assessment rounds. The first round served as the
baseline structural assessment. In this round, all ten experts independently evaluated the
pairwise influence relationships among the ten risk factors using the same five-point scale.
The individual direct influence matrices were then aggregated using the arithmetic mean
to represent the group assessment.

A second-round assessment was subsequently conducted with five experts from the
original panel. This arrangement reflects a common condition in construction digital trans-
formation projects: as implementation progresses, expert participation may change because
of organizational arrangements, expert availability and shifting technical requirements. The
five experts involved in the second round had all participated in the first-round assessment,
which preserved partial continuity of the expert panel while allowing for the assessment
setting to reflect realistic variation in expert participation. Although the five second-round
experts were drawn from the original panel, the design was not a fully balanced longi-
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tudinal panel. Therefore, the robustness analysis later compares the original ten-expert
baseline with a same-five baseline and further conducts a leave-one-expert-out check for
the follow-up assessment.

Table 4. Influencing factors for the risk hierarchy analysis.

ID Factor Specific Meaning Reference

A1 Tangible Resources

Funding, equipment, software and platform
resources required for BIM deployment,

smart-site systems, project data infrastructure
and multi-project digital integration.

[62–64]

A2 Intangible Resources

Digital competence, experience, data-driven
management capability and organizational
learning accumulated across construction

project teams.

[64,65]

B1 Technical Infrastructure

Compatibility, maturity and connectivity of
construction-oriented digital systems, including

BIM platforms, smart-site technologies and
project management systems.

[66,67]

B2 Data Management
Standardization, quality control, sharing and

reuse of project data across design, construction,
delivery and operation stages.

[68,69]

C1 Strategic Planning

Alignment between enterprise-level digital
transformation strategy and project-level

implementation paths, investment sequencing
and delivery objectives.

[62,70]

C2 Organizational
Development

Adjustment of organizational structures, project
routines, digital roles, training mechanisms and

performance arrangements for digital
construction practices.

[71,72]

D1 Market Environment

External pressure from clients, competitors,
policy requirements and industry digitalization

trends affecting construction enterprises’
transformation decisions.

[70,73]

D2 Enterprise Environment

Internal culture, leadership support, incentive
arrangements and cross-departmental

coordination conditions shaping digital adoption
in construction enterprises.

[74,75]

E1 Supply-Chain
Collaboration

Digital coordination and information sharing
among owners, designers, contractors,

subcontractors, suppliers, consultants and
operators across project delivery.

[76,77]

E2 Service Support

Availability and reliability of consulting, training,
maintenance and technical services for platforms,

smart-site systems and other construction
digital tools.

[78,79]

Both rounds used the same risk factor system, evaluation scale and pairwise influence
assessment procedure. The second-round data were therefore treated as follow-up expert
evaluations under changed project and panel conditions. This design allows the proposed
framework to be examined in a setting where assessment conditions vary across rounds
while the measurement framework remains consistent.
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The purpose of the two-round case study is to examine whether the proposed frame-
work can support structurally interpretable comparison and updating when repeated expert
assessments are conducted under heterogeneous project and expert-participation conditions.

4.2. Results and Discussion
4.2.1. Causal Role Identification (Round 1)

Based on the DEMATEL results, the causal relationship diagram for the first assessment
round is shown in Figure 3. The results indicate clear differentiation in the causal roles of
the ten risk factors.

Figure 3. Causal relationship diagram of risk factors (Round 1).

The factor Tangible Resources (A1) exhibits the strongest positive relation value and
emerges as the dominant cause-type factor in the baseline structure. This result indicates
that the availability of funding, equipment, software and platform resources plays a foun-
dational role during the early stage of construction digital transformation. In construction
enterprises, digital initiatives usually require substantial investment in BIM platforms,
smart-site systems, project data infrastructure and system integration. Insufficient tangible
resources may therefore constrain technological deployment, project data exchange and
cross-organizational digital collaboration [62,63].

Strategic Planning (C1) is also identified as an important cause-type factor. This reflects
the role of strategic alignment and implementation planning in shaping digital transforma-
tion risks at the project level. Construction digitalization often involves multiple projects,
fragmented organizational units and heterogeneous engineering systems [80]. Without a
clear transformation roadmap, responsibility allocation and investment sequencing, digital
tools may be adopted inconsistently across projects, creating downstream coordination and
implementation problems [64].

Intangible Resources (A2) and Enterprise Environment (D2) also show positive relation
values, although their driving effects are weaker than those of A1 and C1. These two factors
represent the organizational capability and internal institutional conditions that support the
translation of resources and strategies into project practices [64,73,74]. Digital competence,
accumulated BIM experience, data-driven management capability, leadership support and
internal coordination conditions influence whether construction enterprises can absorb and
operationalize digital technologies across project teams.

In contrast, Technical Infrastructure (B1), Data Management (B2), Organizational De-
velopment (C2), Market Environment (D1), Supply-Chain Collaboration (E1) and Service
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Support (E2) show negative relation values and are classified as effect-type factors in the
baseline assessment. These factors are more closely associated with the operational manifes-
tations of upstream constraints. For example, interoperability problems, data inconsistency,
weak platform support and poor digital coordination among project participants may
appear during implementation, but their occurrence is often shaped by earlier decisions on
resources, strategy and organizational readiness [8].

4.2.2. Hierarchical Structure Interpretation (Round 1)

The ISM results further reveal the hierarchical configuration of risk factors in the
baseline assessment. Based on the reachability analysis, the risk system is organized into
four layers, as shown in Figure 4.

 

Figure 4. Hierarchical structure of risk factors in the project (Round 1).

The Tangible Resources (A1) factor occupies the deepest layer of the hierarchy. This
position confirms its role as a source-level constraint in the baseline risk structure [81]. In
construction digital transformation projects, resource availability determines whether the
enterprise can establish the digital foundations required for BIM deployment, smart-site
implementation, data infrastructure construction and platform integration. Weaknesses
at this level can propagate upward by limiting subsequent technological adoption, data
management and project-level digital coordination [12].

Strategic Planning (C1), Intangible Resources (A2) and Enterprise Environment (D2)
are located in the intermediate layers. These factors function as transmission conditions
between foundational resources and operational outcomes. Strategic planning shapes
the alignment between enterprise-level transformation objectives and project-level imple-
mentation paths. Intangible resources affect whether project teams possess the skills and
knowledge required to work with digital tools. The enterprise environment influences
whether internal governance, culture and incentives support digital adoption. Together,
these factors determine whether resource inputs can be converted into effective digital
construction practices [8].

Technical Infrastructure (B1), Data Management (B2), Organizational Development
(C2), Market Environment (D1), Supply-Chain Collaboration (E1) and Service Support
(E2) appear in the upper layers. Their positions indicate that they depend on multiple
upstream conditions. In practical construction digitalization, problems such as fragmented
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project data, weak interoperability, insufficient platform support and poor supply-chain
information sharing are often visible at the operational level. The ISM hierarchy suggests
that these problems should be interpreted in relation to deeper resource, strategic and
organizational conditions [82].

The baseline hierarchy therefore presents a resource- and strategy-driven risk structure.
Tangible resources form the deepest structural foundation, while strategic planning, intan-
gible capability and enterprise environment mediate the translation of digital resources into
project practices. Operational risks related to technology, data and collaboration appear
closer to the surface. This baseline structure provides the reference point for interpreting
the follow-up assessment.

4.2.3. Causal Reconfiguration (Round 2)

To examine structural updating under changed assessment conditions, the second-
round analysis was conducted using follow-up evaluations provided by five experts from
the original panel. The resulting causal relationship diagram is shown in Figure 5, based
on the results in Appendix A.

Figure 5. Causal relationship diagram of risk factors (Round 2).

Compared with the baseline assessment, the second-round results show a clear recon-
figuration of causal roles. Data Management (B2) and Intangible Resources (A2) emerge
as the two strongest cause-type factors, exhibiting the highest positive relation values.
Technical Infrastructure (B1) and Organizational Development (C2) also show positive rela-
tion values and function as secondary driving factors. Market Environment (D1) remains
slightly on the cause side, although its driving effect is relatively weak.

By contrast, Enterprise Environment (D2), Tangible Resources (A1), Supply-Chain
Collaboration (E1) and Service Support (E2) show negative relation values and are classified
as effect-type factors. Strategic Planning (C1) presents the strongest negative relation value,
indicating that in the follow-up assessment, it functions primarily as an outcome-related
factor rather than as an independent source of influence.

This causal reconfiguration suggests that the structural emphasis of risk influence
shifts from preparation-oriented conditions toward implementation-oriented capabilities.
In the baseline assessment, Tangible Resources (A1) and Strategic Planning (C1) acted as
major driving factors. In the follow-up assessment, however, Data Management (B2) and
Intangible Resources (A2) become the main sources of influence. This pattern is consistent
with an implementation-oriented assessment context in which project data governance,
digital competence and organizational learning become more salient. The shift may also
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reflect changes in available information, expert attention and assessment emphasis as the
digital transformation project becomes more operationally embedded.

4.2.4. Hierarchical Restructuring (Round 2)

Building on the second-round DEMATEL results, the ISM-based hierarchical struc-
ture under the follow-up assessment is shown in Figure 6. The updated hierarchy re-
mains organized into four layers, allowing comparison with the baseline structure shown
in Figure 4.

 

Figure 6. Hierarchical structure of risk factors in the project (Round 2).

In the follow-up assessment, Intangible Resources (A2) and Data Management (B2)
jointly occupy the deepest layer of the hierarchy. This indicates that organizational digital
capability and project data governance become the fundamental structural constraints in
the updated risk system. Compared with Round 1, where Tangible Resources (A1) formed
the deepest structural foundation, the deepest layer in Round 2 shifts toward capability-
and data-related factors.

Technical Infrastructure (B1) and Organizational Development (C2) are located in
the upper intermediate layer. Their positions suggest that technological connectivity and
organizational adaptation serve as transmission mechanisms between deep structural
constraints and operational outcomes. Market Environment (D1) and Enterprise Environ-
ment (D2) form another intermediate layer, indicating that external and internal contextual
conditions mediate the effects of deeper capability and data-related constraints.

Tangible Resources (A1), Strategic Planning (C1), Supply-Chain Collaboration (E1)
and Service Support (E2) appear in the surface layer. Their surface-level positions should
be interpreted in structural terms. Under the follow-up assessment, these factors are more
likely to reflect the effects of deeper data, capability and organizational conditions.

4.2.5. Structural Interpretation Across Assessment Rounds

In conventional DEMATEL–ISM applications, each assessment round is usually ana-
lyzed as an independent structural representation of the system [15]. When the method is
applied to repeated assessments, direct comparison of independently generated structures
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may be difficult because observed differences can have multiple sources. They may reflect
changes in project priorities, implementation tasks and risk mechanisms; they may also
arise from changes in information availability, expert judgement, assessment framing or
panel composition [83,84]. The observed transition from a resource- and strategy-oriented
baseline structure to a capability- and data-oriented follow-up structure is therefore inter-
preted as a stage-sensitive structural reconfiguration under changed assessment conditions.

The proposed framework addresses this issue by incorporating historical relational
patterns into the follow-up assessment. The enhancement mechanism uses the baseline
structural information as a reference for updating the subsequent influence matrix. It
provides a more consistent basis for comparing causal roles and hierarchical positions under
heterogeneous assessment conditions. The comparison between the two rounds shows
a coherent shift in structural emphasis. In the baseline assessment, Tangible Resources
(A1) and Strategic Planning (C1) play central driving roles, and the Tangible Resources
(A1) factor occupies the deepest hierarchical layer. In the follow-up assessment, Data
Management (B2) and Intangible Resources (A2) become the strongest cause-type factors
and jointly occupy the deepest layer. The consistency between the DEMATEL causal roles
and the ISM hierarchical positions strengthens the interpretation that the updated structure
reflects a coordinated change in the risk configuration.

At the matrix level, this interpretation is supported by the enhancement mechanism,
which reinforces historically observed relational patterns while allowing current expert
evaluations to reshape the updated structure. Similar logic is found in pattern recognition-
based structural analysis, where relational similarities are used to support more stable
interpretation of complex systems [85,86]. In this study, the unsupervised-learning layer
plays a comparable role by helping identify relational patterns that support cross-round
structural comparison.

From a construction digitalization perspective, the results suggest a shift from a
resource- and strategy-driven baseline structure to a capability- and data-driven follow-up
structure. This is consistent with the staged implementation logic of construction digital
transformation: early assessments tend to emphasize resource mobilization and strategic
alignment, while later assessments place greater emphasis on project data governance,
digital capability and organizational embedding. The proposed framework therefore
supports stage-sensitive risk governance by helping decision-makers interpret how struc-
tural priorities may change when assessment conditions and expert participation vary
across rounds.

4.3. Comparative Validation and Robustness Analysis

Since the framework relies on expert-elicited influence relationships, the credibility of
the results is examined through comparative and robustness analyses. First, the comparison
with conventional DEMATEL–ISM examines whether the enhancement layer changes the
main information contained in the current expert assessment. Second, the threshold sensi-
tivity analysis tests whether the ISM hierarchy depends on a single binarization rule. Third,
the expert-panel robustness analysis examines whether the cross-round interpretation is
sensitive to panel reduction or individual expert judgement.

4.3.1. Comparison with Conventional DEMATEL–ISM

To examine the effect of the unsupervised-learning enhancement layer, the second-
round expert evaluation data were also analyzed using conventional DEMATEL–ISM
without incorporating historical relational patterns. The comparison is used as an ablation
check. A large deviation from the conventional results would indicate possible distortion
caused by the enhancement layer. A largely consistent structure would suggest that the
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enhancement layer supports structural updating while preserving the main information
contained in the second-round assessment.

Figure 7 compares the relation values obtained from conventional DEMATEL–ISM
and the proposed framework. The two sets of results are highly consistent. In both analy-
ses, Data Management (B2) and Intangible Resources (A2) are identified as the strongest
cause-type factors. Technical Infrastructure (B1) and Organizational Development (C2)
remain positive cause-type factors, while Tangible Resources (A1), Strategic Planning (C1),
Enterprise Environment (D2), Supply-Chain Collaboration (E1), and Service Support (E2)
remain effect-type factors. Market Environment (D1) stays close to the boundary between
cause-and-effect groups.

Figure 7. Comparison between conventional and the proposed DEMATEL–ISM in Round 2.

This consistency indicates that the enhancement layer does not artificially overturn
the second-round expert assessment. The shift toward Data Management (B2) and In-
tangible Resources (A2) is already embedded in the follow-up expert evaluation and is
preserved by the proposed framework. The comparison also provides a check on possible
historical over-reinforcement. If the enhancement layer placed excessive weight on the
baseline structure, the follow-up results would be pulled back toward the Round 1 resource-
and strategy-oriented pattern. However, both the conventional and enhanced analyses
identify B2 and A2 as the dominant follow-up drivers. The added value of the proposed
framework therefore lies in linking the follow-up structure to the baseline structural config-
uration through historical relational patterns, while maintaining the main structural signal
contained in the current assessment.

The main structural difference concerns Enterprise Environment (D2). Under con-
ventional DEMATEL–ISM, D2 remains in the surface layer, whereas under the proposed
framework, it moves to an intermediate hierarchical position. This adjustment does not
change its effect-type causal role. It provides a more connected interpretation of how
internal organizational conditions mediate between deeper data- and capability-related
constraints and surface-level outcomes. The comparison suggests that the proposed frame-

https://doi.org/10.3390/buildings16122386

https://doi.org/10.3390/buildings16122386


Buildings 2026, 16, 2386 25 of 34

work preserves the core causal pattern of the conventional analysis while improving the
continuity and interpretability of multi-round structural updating.

4.3.2. Threshold Sensitivity Analysis

Because ISM hierarchical decomposition depends on the threshold used to binarize the
overall influence matrix, a threshold sensitivity analysis was conducted to examine whether
the main hierarchical findings depend on a single threshold rule. Four threshold schemes
were tested: the mean threshold, the mean plus half standard deviation threshold, the
mean plus standard deviation threshold used in the main analysis and the 75th percentile
threshold. The thresholds were calculated from the off-diagonal elements of the overall
influence matrix, so that self-reachability on the diagonal did not affect the retention of
inter-factor influence relationships.

Figure 8 presents the relative hierarchical depth of each factor under the alternative
threshold schemes. The vertical axis ranges from 0 to 1, where 0 denotes the surface layer
and 1 denotes the deepest layer. In Round 1, the Tangible Resources (A1) factor remains
at the deepest position across all threshold schemes. This indicates that the baseline
structure is robustly resource-driven, even when the threshold criterion changes. In Round
2, Intangible Resources (A2) remains at the deepest position across all threshold schemes.
Data Management (B2) is also located at or close to the deepest layer: it is slightly below
the deepest position under the mean threshold, but it jointly occupies the deepest layer,
with A2, under the remaining three threshold schemes. This supports the interpretation
that the follow-up structure is primarily capability- and data-driven.

(a) (b) 

Figure 8. Threshold sensitivity of relative hierarchical depth under alternative schemes: (a) Round 1,
and (b) Round 2.

The sensitivity analysis shows that the main cross-round interpretation is not an
artefact of a single binarization rule. Although some intermediate and surface-level factors
move as the threshold changes, the core structural contrast remains stable: the baseline
assessment is dominated by Tangible Resources (A1), whereas the follow-up assessment is
dominated by Intangible Resources (A2) and Data Management (B2). This strengthens the
robustness of the proposed structural interpretation.
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4.3.3. Robustness Under Partial Expert-Panel Continuity

Because the follow-up assessment was conducted by five experts from the original
ten-member panel, an additional robustness analysis was performed to examine whether
the observed structural shift was mainly caused by the change in expert-panel composition.
Two checks were conducted. First, the baseline assessment was recalculated using only
the same five experts who participated in the follow-up assessment. Second, a leave-one-
expert-out analysis was conducted for the follow-up assessment by removing one expert at
a time and recalculating the DEMATEL–ISM results.

Figure 9a compares the relation values under three conditions: the original ten-expert
baseline, the same-five baseline and the same-five follow-up assessment. Reducing the
baseline panel from ten experts to the same five experts changes the magnitude of some
relation values, but it does not reproduce the follow-up structure. In the same-five baseline,
Tangible Resources (A1), Intangible Resources (A2), Strategic Planning (C1) and Enterprise
Environment (D2) remain positive cause-type factors, while Data Management (B2) re-
mains a strong effect-type factor. This pattern is still consistent with a preparation-oriented
risk structure. By contrast, in the same-five follow-up assessment, Data Management (B2)
becomes the strongest cause-type factor, followed by Intangible Resources (A2), Techni-
cal Infrastructure (B1) and Organizational Development (C2). Strategic Planning (C1),
which is a cause-type factor in the baseline, becomes the strongest effect-type factor in the
follow-up assessment.

(a) (b) 

Figure 9. Robustness analysis under partial expert-panel continuity: (a) matched-panel comparison,
and (b) leave-one-expert-out intervals for Round 2 relation values.

This matched-panel comparison suggests that the observed cross-round shift cannot
be explained solely by the reduction in expert-panel size. If panel reduction were the main
driver, the same-five baseline would already show a structure similar to the follow-up
assessment. Instead, the same-five baseline remains dominated by preparation-oriented
factors, whereas the follow-up assessment shifts toward data, capability, technology and
organization-related drivers. This supports the interpretation that the structural difference
reflects changes in assessment conditions and risk emphasis, with expert composition
playing a limited role.

Figure 9b reports the leave-one-expert-out results for the follow-up assessment. The
interval for each factor represents the range of relation values obtained after removing one
of the five experts. Data Management (B2) and Intangible Resources (A2) remain positive
and dominant in all leave-one-expert-out runs. More importantly, both factors consistently
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occupy the deepest hierarchical layer after each expert is removed. This indicates that the
core follow-up structure is not driven by any single expert’s judgement.

The expert-panel robustness analysis supports the credibility of the cross-round inter-
pretation. The same-five baseline does not reproduce the follow-up structure, indicating
that the shift toward Data Management (B2) and Intangible Resources (A2) is not merely a
result of reducing the expert panel. The leave-one-expert-out results further show that the
two core follow-up drivers remain stable after individual expert removal. These findings
suggest that the updated structure is supported by a consistent expert-elicited pattern
rather than by panel reduction or a single expert’s judgement.

5. Conclusions and Implications
5.1. Contributions

This study proposed an unsupervised learning-enhanced DEMATEL–ISM framework
for analyzing risk structures in construction digital transformation projects. The framework
keeps DEMATEL–ISM as the main tool for identifying causal roles and hierarchical relation-
ships, and uses relational patterns from previous assessment rounds to inform subsequent
modeling. This design extends DEMATEL–ISM from single-round structural diagnosis to
multi-round structural updating.

The main contribution lies in how the framework handles repeated expert assessments.
In project-based digital transformation settings, assessments are often conducted more than
once. Project conditions change, available information changes, and expert participation
may also change. Separate modeling of each round can make structural differences difficult
to interpret. The proposed framework connects assessment rounds by using previously
observed influence patterns as a reference for later modeling. Current expert judgement
remains the primary input, while historical relational information provides continuity for
cross-round comparison.

The case application shows that the framework can identify changes in causal roles
and hierarchical positions while retaining the dominant information contained in the cur-
rent expert evaluation. The comparative and robustness analyses further support the
credibility of the main interpretation across enhancement-layer comparison, threshold
sensitivity, expert-panel continuity and individual-expert removal. The framework there-
fore provides a defensible basis for stage-sensitive risk analysis in construction digital
transformation projects.

5.2. Structural Insights

The case results show a shift in the structural logic of risk factors across the two assess-
ment rounds. In the baseline assessment, the structure is mainly shaped by preparation-
oriented conditions, especially tangible resources and strategic planning. In the follow-up
assessment, the main structural constraints shift toward data management and intangible
organizational resources.

The value of this finding lies in the consistency between the DEMATEL and ISM
results. The shift appears in both causal roles and hierarchical positions, indicating a
coordinated reorganization of the risk structure. This consistency gives more confidence
that the observed change reflects a system-level structural pattern, instead of isolated
numerical fluctuation. The finding should be read as a stage-sensitive structural pattern
observed under changing assessment conditions, where project progression, information
availability, expert attention and implementation priorities jointly shape the interpretation
of risk relationships.

For construction digital transformation, the results suggest that risk governance be
adjusted according to the changing structural role of risk factors. At an early stage, re-
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source allocation and strategic planning may define the structural foundation of the risk
system. As implementation progresses, data governance, digital competence, BIM ex-
perience and organizational learning may become more influential. Managerial atten-
tion should therefore follow the changing causal and hierarchical roles of risks across
assessment rounds.

5.3. Practical Implications

For construction enterprises, the framework provides a practical basis for tracking how
risk structures change during digital transformation. At the early stage, managers should
pay close attention to resource allocation, platform investment, digital infrastructure and
strategic alignment. These factors determine whether BIM systems, smart-site technologies,
project data platforms and digital management tools can be deployed effectively.

At the implementation stage, attention should gradually shift toward data governance
and organizational capability. This includes data standardization, data quality control,
cross-platform data sharing, lifecycle data handover, BIM-based collaboration and data-
driven decision-making among project teams. In BIM-enabled transformation projects, BIM
managers or digital delivery coordinators can support this shift by linking model coordi-
nation with data standards, data-quality control and organizational learning mechanisms.
These issues may become deep structural constraints even when funding, platforms and
strategic plans are already in place.

The framework is also useful when the expert panel changes across assessment rounds.
This is common in construction digital transformation projects, where early assessments
may involve strategic planners and project managers, while later assessments may rely
more on data managers, system operators or implementation specialists. By linking current
assessments to previous structural patterns, the proposed method helps decision-makers
interpret new results in relation to earlier risk configurations.

5.4. Limitations and Future Research

This study has several limitations. First, the case study is based on one construc-
tion enterprise and one digital transformation project. The case focused on internal digi-
tal platform development, data connectivity, process coordination, data governance and
management-process digitalization within a construction group. Future research could
apply the framework to different types of construction digital transformation projects,
enterprise sizes and digitalization contexts to test its broader applicability.

Second, although the follow-up assessment involved five experts from the original
panel and robustness checks were conducted, the study is not a full longitudinal design
with repeated assessments from all initial experts. The current design also leaves project-
stage progression, expert attention, information availability and assessment context partly
intertwined. Future studies could collect multi-period expert evaluations from larger and
more stable panels to examine structural updating across implementation stages. In addi-
tion, expert composition should be matched more explicitly to the dominant technological
and managerial focus of the target project. For BIM-centered projects, future applications
should include more BIM managers, digital delivery coordinators, model coordinators
and common data environment managers; for platform-, data-governance- or smart-site-
oriented projects, experts in platform operation, data governance, smart construction and
enterprise management systems should be added.

Third, the analysis relies mainly on expert judgement. Future research could combine
expert assessment with operational data from BIM platforms, project management systems,
smart-site monitoring systems, digital delivery records, AI-powered management tools or
enterprise data platforms [87]. Such data could help validate whether the structural changes
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identified through expert assessment are reflected in data-quality records, issue-tracking
logs, model coordination records, digital handover records or project delivery outcomes,
thereby improving the contextual validity and accuracy of expert-elicited structural results.

Finally, this study uses K-means clustering and PCA because they are interpretable
and compatible with DEMATEL–ISM. Future research could compare alternative cluster-
ing, dimensionality-reduction, graph-learning or semi-supervised methods to examine
whether different pattern-learning techniques improve structural updating and manage-
rial interpretability. Future studies could also explore integration with fuzzy DEMATEL,
ANP, Bayesian networks or system dynamics, especially when the research objective ex-
tends from structural updating to uncertainty modeling, priority derivation, probabilistic
inference or dynamic simulation.
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Appendix A

Table A1. Direct influence matrix (Round 1).

A1 A2 B1 B2 C1 C2 D1 D2 E1 E2

A1 0 3.4 3.5 2.7 2.3 2.6 2.4 2.2 2.4 3.2
A2 1.9 0 2.5 2.4 2.9 3.3 3 2.8 2.8 3.5
B1 2.1 1.5 0 3.6 2.1 2.4 1.4 2.2 1.8 1.6
B2 1.6 1.5 1.8 0 1.8 1.9 1.7 1.6 2 1.9
C1 2.2 2.9 3.1 2.7 0 3 2.5 2.9 3.2 3.4
C2 1.9 2.7 1.8 1.8 2.4 0 3 2.6 2.1 1.7
D1 2.4 2.4 2.1 1.5 2.5 2.2 0 2.4 2.8 2.3
D2 2.4 2.9 2 2.3 3.1 2.9 2.6 0 2.6 2.6
E1 1.9 1.7 2.1 2.3 2.4 1.7 1.9 2.2 0 2
E2 1.7 2.5 2.9 3.1 2 1.8 3.1 2.1 2 0

Table A2. Normalised direct influence matrix (Round 1).

A1 A2 B1 B2 C1 C2 D1 D2 E1 E2

A1 0.00 0.15 0.16 0.12 0.10 0.12 0.11 0.10 0.11 0.14
A2 0.08 0.00 0.11 0.11 0.13 0.15 0.13 0.13 0.13 0.16
B1 0.09 0.07 0.00 0.16 0.09 0.11 0.06 0.10 0.08 0.07
B2 0.07 0.07 0.08 0.00 0.08 0.08 0.08 0.07 0.09 0.08
C1 0.10 0.13 0.14 0.12 0.00 0.13 0.11 0.13 0.14 0.15
C2 0.08 0.12 0.08 0.08 0.11 0.00 0.13 0.12 0.09 0.08
D1 0.11 0.11 0.09 0.07 0.11 0.10 0.00 0.11 0.13 0.10
D2 0.11 0.13 0.09 0.10 0.14 0.13 0.12 0.00 0.12 0.12
E1 0.08 0.08 0.09 0.10 0.11 0.08 0.08 0.10 0.00 0.09
E2 0.08 0.11 0.13 0.14 0.09 0.08 0.14 0.09 0.09 0.00
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Table A3. Total influence matrix (Round 1).

A1 A2 B1 B2 C1 C2 D1 D2 E1 E2

A1 1.78 2.20 2.24 2.28 2.18 2.21 2.19 2.13 2.20 2.26
A2 1.89 2.11 2.23 2.30 2.23 2.27 2.25 2.19 2.25 2.31
B1 1.45 1.65 1.61 1.80 1.68 1.71 1.66 1.65 1.68 1.70
B2 1.25 1.44 1.47 1.44 1.46 1.48 1.46 1.42 1.48 1.49
C1 1.95 2.27 2.31 2.36 2.17 2.31 2.28 2.24 2.31 2.36
C2 1.57 1.85 1.84 1.89 1.85 1.77 1.88 1.82 1.85 1.86
D1 1.63 1.88 1.89 1.93 1.89 1.90 1.80 1.85 1.92 1.93
D2 1.82 2.11 2.11 2.18 2.13 2.15 2.13 1.97 2.13 2.17
E1 1.43 1.64 1.68 1.74 1.68 1.67 1.67 1.64 1.60 1.70
E2 1.61 1.88 1.92 1.99 1.88 1.89 1.93 1.84 1.89 1.84

Table A4. Driving power, dependence power, prominence and relation (Round 1).

Factors Driving Power
fi

Dependence Power
ei

Prominence
εi

Relation
δi

A1 21.68 16.38 38.05 5.30
A2 22.03 19.03 41.06 3.00
B1 16.59 19.29 35.88 −2.70
B2 14.38 19.89 34.27 −5.52
C1 22.57 19.15 41.72 3.41
C2 18.17 19.36 37.53 −1.19
D1 18.63 19.25 37.88 −0.61
D2 20.89 18.77 39.66 2.13
E1 16.45 19.32 35.77 −2.86
E2 18.67 19.62 38.29 −0.96

Table A5. Normalized direct influence matrix (Round 2).

A1 A2 B1 B2 C1 C2 D1 D2 E1 E2

A1 0.00 0.09 0.06 0.04 0.08 0.04 0.05 0.09 0.06 0.04
A2 0.12 0.00 0.10 0.10 0.12 0.11 0.10 0.14 0.10 0.10
B1 0.06 0.05 0.00 0.14 0.06 0.11 0.10 0.12 0.09 0.08
B2 0.07 0.08 0.16 0.00 0.11 0.11 0.11 0.11 0.16 0.10
C1 0.08 0.06 0.06 0.04 0.00 0.06 0.04 0.09 0.05 0.06
C2 0.10 0.09 0.06 0.06 0.12 0.00 0.14 0.12 0.10 0.14
D1 0.07 0.07 0.04 0.04 0.11 0.10 0.00 0.06 0.13 0.17
D2 0.07 0.06 0.06 0.06 0.15 0.06 0.06 0.00 0.11 0.12
E1 0.06 0.07 0.08 0.09 0.10 0.06 0.06 0.06 0.00 0.04
E2 0.05 0.06 0.06 0.06 0.06 0.11 0.10 0.06 0.04 0.00

Table A6. Total influence matrix (Round 2).

A1 A2 B1 B2 C1 C2 D1 D2 E1 E2

A1 0.16 0.23 0.21 0.19 0.28 0.22 0.22 0.27 0.24 0.23
A2 0.38 0.25 0.36 0.33 0.47 0.39 0.38 0.45 0.40 0.41
B1 0.29 0.27 0.24 0.34 0.37 0.36 0.35 0.38 0.37 0.36
B2 0.34 0.33 0.42 0.26 0.46 0.40 0.40 0.43 0.46 0.42
C1 0.23 0.20 0.21 0.18 0.20 0.22 0.20 0.26 0.23 0.24
C2 0.34 0.32 0.31 0.29 0.43 0.27 0.40 0.40 0.38 0.43
D1 0.28 0.27 0.26 0.24 0.38 0.32 0.23 0.32 0.36 0.41
D2 0.27 0.25 0.26 0.24 0.40 0.27 0.28 0.24 0.34 0.35
E1 0.24 0.23 0.26 0.25 0.33 0.26 0.25 0.28 0.21 0.25
E2 0.23 0.23 0.24 0.22 0.30 0.29 0.29 0.27 0.26 0.22
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Table A7. Driving power, dependence power, prominence and relation (Round 2).

Factors Driving Power
fi

Dependence Power
ei

Prominence
εi

Relation
δi

A1 2.26 2.76 5.02 −0.50
A2 3.82 2.58 6.40 1.25
B1 3.33 2.75 6.07 0.58
B2 3.92 2.52 6.45 1.40
C1 2.17 3.63 5.80 −1.46
C2 3.55 3.01 6.56 0.54
D1 3.07 2.99 6.05 0.08
D2 2.90 3.30 6.20 −0.41
E1 2.57 3.26 5.82 −0.69
E2 2.54 3.32 5.86 −0.79
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MCDM-based evaluation of application mapping strategies. Yugosl. J. Oper. Res. 2025. [CrossRef]

46. Ataee, S.; Lopes, M.; Relvas, H. Environmental comfort in urban spaces: A systematic literature review and a system dynamics
analysis. Urban Clim. 2025, 60, 102340. [CrossRef]

47. Li, R.; Lu, Y. Toward a resilient and smart city: Analysis on enablers for smart city resilience using an integrated DEMATEL–ISM–
ANP method. Technol. Forecast. Soc. Change 2025, 215, 124081. [CrossRef]

https://doi.org/10.3390/buildings16122386

https://doi.org/10.1080/01446193.2024.2416033
https://doi.org/10.3390/buildings15132234
https://doi.org/10.3390/buildings15071072
https://doi.org/10.3390/buildings15071090
https://doi.org/10.1108/ECAM-01-2025-0069
https://doi.org/10.1016/j.buildenv.2025.113248
https://doi.org/10.1016/j.autcon.2025.106096
https://doi.org/10.3390/ijgi14010019
https://doi.org/10.1108/CI-03-2023-0056
https://doi.org/10.1016/j.compind.2021.103570
https://doi.org/10.1108/ECAM-05-2022-0383
https://doi.org/10.1016/j.compind.2016.09.006
https://doi.org/10.1080/09537287.2023.2257178
https://doi.org/10.3390/safety10030057
https://doi.org/10.1108/JEAS-05-2023-0114
https://doi.org/10.1108/ECAM-11-2024-1618
https://doi.org/10.3390/su18010116
https://doi.org/10.3390/buildings16010099
https://doi.org/10.1108/ECAM-09-2024-1174
https://doi.org/10.1007/s10462-022-10351-w
https://doi.org/10.1080/23311975.2026.2640668
https://doi.org/10.1016/j.oceaneng.2023.113786
https://doi.org/10.2298/YJOR250515032R
https://doi.org/10.1016/j.uclim.2025.102340
https://doi.org/10.1016/j.techfore.2025.124081
https://doi.org/10.3390/buildings16122386


Buildings 2026, 16, 2386 33 of 34

48. Shi, X.; Liu, Y.; Ma, K.; Gu, Z.; Qiao, Y.; Ni, G.; Ojum, C.; Opoku, A.; Liu, Y. Evaluation of risk factors affecting the safety of
coal mine construction projects using an integrated DEMATEL-ISM approach. Eng. Constr. Archit. Manag. 2025, 32, 3432–3452.
[CrossRef]

49. Zhong, H.; Chen, L.; Afari, M.; Bao, Z.; Chen, K. Dynamic risk assessment of tower crane operations by integrating functional
resonance analysis method and Bayesian network. Dev. Built Environ. 2025, 23, 100699. [CrossRef]

50. Cooke, R. Experts in Uncertainty: Opinion and Subjective Probability in Science; Oxford University Press: Oxford, UK, 1991.
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