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Abstract

Digital transformation in construction enterprises is frequently constrained by risks that
are heterogeneous, context-dependent, and described with inconsistent terminology across
studies and practice. Prior research has predominantly relied on expert judgment or narra-
tive reviews to summarize such risks, which limits reproducibility and makes it difficult
to iteratively expand the indicator set when new evidence becomes available. To address
these challenges, this study develops a hybrid risk identification framework that integrates
unsupervised topic modeling with structured inductive coding. Latent Dirichlet Allocation
(LDA) is employed to extract latent semantic patterns from a systematically screened body
of literature on construction digital transformation, consolidating dispersed risk expres-
sions into coherent thematic units. The Gioia methodology is then applied to inductively
structure these themes into a hierarchical risk indicator system, ensuring traceability from
textual evidence to conceptual indicators and enhancing interpretability for construction
management applications. Rather than enumerating isolated risk events, the proposed
framework conceptualizes digital transformation risk in construction enterprises as a set
of interacting structural conditions that shape risk exposure across project stages and
organizational boundaries. By shifting risk identification from event-based listings to a
structural and condition-oriented representation, this study provides a transferable foun-
dation for subsequent causal modeling and multi-criteria risk evaluation in construction
digital transformation.

Keywords: digital transformation; construction enterprises; risk identification; hybrid
framework; topic modeling

1. Introduction
Digital transformation has become a central pathway for enterprises seeking to im-

prove operational efficiency, organizational flexibility, and long-term competitiveness. In
the construction sector, this transformation is widely viewed as a response to persistent
challenges, including low productivity growth, fragmented project delivery, rising cost
pressures, and increasing requirements related to safety and sustainability. Technologies
such as Building Information Modeling [1], the Internet of Things (IoT), big data analytics,
and artificial intelligence have created new opportunities to reshape construction practices
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and management routines. Despite these developments, empirical evidence suggests that
construction remains one of the least digitally mature industries [2] and that many digital
transformation initiatives fail to deliver their expected benefits.

A key characteristic of digital transformation in construction enterprises is its strong
project-based nature. Unlike process-oriented industries, where digitalization is often
embedded in relatively stable organizational routines, construction enterprises usually
advance digital transformation through discrete projects [3]. These projects commonly
involve system development, organizational adjustment, and managerial coordination at
the same time. They are typically long in duration, involve multiple stakeholders, and
operate under highly heterogeneous conditions [1]. As a result, digital transformation
in construction enterprises is exposed to a wide range of risks that may emerge at dif-
ferent stages and interact across organizational boundaries. This makes systematic risk
identification particularly challenging in construction settings.

Risk identification represents a critical foundation for subsequent risk analysis, assess-
ment, and decision-making. If risks are not clearly identified and conceptually structured,
more advanced analytical models cannot be reliably applied. Existing studies have con-
tributed to the understanding of digital transformation risks in construction through expert
interviews, case analyses, and qualitative literature reviews [4].

However, despite these contributions, several limitations remain insufficiently ad-
dressed in recent empirical studies. First, existing digital transformation risk studies often
fail to provide a traceable and systematic indicator construction pipeline that transparently
links heterogeneous textual evidence from the literature to structured and reproducible
risk indicators [5]. As a result, risk identification processes are frequently opaque, highly
dependent on subjective expert interpretation, and difficult to replicate or extend [6]. Sec-
ond, many existing frameworks implicitly treat risk indicator systems as static [7], offering
limited methodological support for updating or refining indicator structures as digital trans-
formation practices, technologies, and organizational arrangements evolve over time [8].
This static treatment constrains the applicability of risk identification results in project-
based and long-term transformation contexts. In addition, prior research frequently focuses
on specific technologies or isolated project stages, rather than explicitly examining how
risks emerge as interacting structural conditions across organizational, technological, and
project contexts [9–11].

In response to these limitations, data-driven methods such as topic modeling have
been introduced to support risk identification by extracting latent patterns from large
volumes of textual data [12]. These methods help reduce individual bias and improve
coverage of dispersed information. However, topic modeling outputs alone usually consist
of keywords or themes that lack clear conceptual interpretation. Hierarchical relationships
between risks are rarely explicit. By contrast, inductive qualitative approaches in manage-
ment research emphasize semantic clarity and traceability, but they are often constrained
by small samples and high analytical effort. As a result, an effective integration of seman-
tic extraction and conceptual structuring remains limited in the context of construction
digital transformation.

To address these challenges, this study focuses on how digital transformation risks in
construction enterprises can be systematically identified and conceptually structured under
conditions of semantic fragmentation and heterogeneous information sources. Rather than
treating risks as isolated technical failures or managerial issues, this research conceptualizes
digital transformation risk as a configuration of interacting structural conditions that shape
how vulnerabilities emerge, accumulate, and propagate across project-based transforma-
tion processes. To operationalize this perspective, a hybrid framework integrating topic
modeling and inductive coding is developed. In this framework, prior literature is treated
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as an empirical textual data source rather than as the object of descriptive review. Latent
Dirichlet Allocation (LDA) is employed to extract latent risk-related semantic patterns from
a systematically screened body of peer-reviewed literature, while the Gioia methodology is
used to translate these patterns into a hierarchical and theoretically interpretable risk indica-
tor system. Through this approach, dispersed and inconsistently described risk information
is transformed into a coherent, condition-oriented representation, providing a transpar-
ent and replicable foundation for subsequent risk interaction analysis and evaluation in
construction digital transformation.

2. Literature Review
2.1. Digital Transformation Risks in Construction

Existing studies generally agree that construction digital transformation involves not
only the adoption of digital technologies, but also significant changes in organizational
structures, management practices, and inter-organizational relationships [13]. Compared
with manufacturing or service industries, construction enterprises operate in a project-
based environment characterized by temporary organizations, fragmented supply chains,
and high uncertainty [2]. These characteristics shape both the nature and the sources of
digital transformation risks.

Prior research has identified a wide range of risks associated with construction digital
transformation. At the technological level, risks often relate to system compatibility, data in-
tegration, cybersecurity, and the reliability of digital platforms [14,15]. Organizational risks
frequently involve resistance to change [16,17], insufficient digital skills [16,18], unclear
responsibilities [17], and misalignment between digital initiatives and existing management
routines [18,19]. External risks have also been emphasized, including regulatory uncer-
tainty [20,21], market volatility [21,22], and coordination challenges across the construction
supply chain [20,22,23]. While these studies provide valuable insights, risk factors are
typically discussed in isolation or grouped loosely, resulting in fragmented representations
of the overall risk landscape.

Another limitation lies in the way risks are described and categorized. Similar risk
issues are often labeled using different terms across studies, while conceptually distinct
risks may be grouped under broad and ambiguous categories [9,24]. This semantic in-
consistency makes it difficult to compare findings across studies or to synthesize existing
knowledge into a coherent structure. As a result, construction enterprises may struggle to
obtain a clear and actionable overview of digital transformation risks when relying on the
existing literature.

2.2. Challenges in Risk Identification

Risk identification has long been recognized as a critical step in construction risk man-
agement. Traditional approaches commonly rely on expert judgment, interviews, work-
shops, and checklist-based methods to elicit potential risks. These approaches are effective
in capturing context-specific knowledge and practical experience. They are also widely
applied in studies focusing on construction projects [25,26], safety management [27,28],
and organizational change [29,30].

However, expert-driven risk identification methods are inherently dependent on the
background, experience, and cognitive preferences of participants. The resulting risk
lists may vary substantially across studies or case contexts [31–33]. Moreover, the logic
underlying risk categorization is often implicit, which limits transparency and makes
it difficult to replicate or extend existing classifications [34]. In the context of digital
transformation, where risks are multifaceted and evolve alongside technological and
organizational changes, these limitations become more pronounced [35].
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In response to the limitations of expert-driven approaches, some studies have adopted
structured analytical techniques to organize and analyze identified risks, such as hierar-
chical decomposition [36], causal mapping [37], and network-based representations [38].
These techniques contribute to clarifying interrelationships among risks and improving
analytical rigor at later stages of risk analysis. However, they generally presuppose that the
initial set of risks has already been comprehensively identified. As a result, the effectiveness
of these methods remains highly sensitive to the completeness and consistency of the initial
risk identification stage. This reliance underscores a persistent gap in existing research:
the lack of systematic approaches capable of supporting early-stage risk identification
when risk boundaries are ambiguous and evolving, as is often the case in construction
digital transformation.

2.3. Topic Modeling and Inductive Coding

The growing availability of digital textual data has led to increasing interest in compu-
tational approaches for organizing risk-related knowledge in management and engineering
research. Among these approaches, topic modeling has been widely adopted to explore
latent semantic patterns across large document collections without relying on predefined
analytical categories. LDA is frequently used to identify recurring themes by estimating
probabilistic relationships between words and documents [39]. Its application allows
dispersed risk-related information to be consolidated and compared across studies. In
research on innovation management, project governance [40], and construction-related
risks [41], LDA has been used to map dominant themes and reveal patterns that are difficult
to capture through manual review alone.

However, topic modeling outputs are typically expressed as sets of keywords repre-
senting latent themes. While these results capture semantic regularities, they do not directly
yield conceptually structured risk constructs [42]. The relationships among themes remain
implicit, and hierarchical distinctions are rarely specified. As a consequence, substantial
interpretive work is required before topic modeling results can be translated into structured
risk indicators suitable for management analysis [43,44].

In contrast, inductive coding approaches in qualitative management research em-
phasize the systematic development of concepts through iterative abstraction. The Gioia
methodology provides a well-established framework for linking empirical observations
to first-order concepts, second-order themes, and aggregate dimensions [45]. This process
supports conceptual clarity and has been widely used in organizational and management
studies to synthesize qualitative evidence. Despite these strengths, inductive coding is
usually applied to relatively small datasets and relies heavily on manual interpretation.
Its scalability is therefore limited when large and heterogeneous textual sources are in-
volved [46]. Existing studies tend to apply topic modeling and inductive coding as separate
analytical strategies, each addressing different aspects of the risk identification task. The
limited integration of semantic extraction and inductive structuring methods leaves an
unresolved gap in the systematic identification and organization of digital transformation
risks in construction enterprises.

A systematic review of the literature on digital transformation and risk management
reveals that, although substantial progress has been made in advancing theoretical and
methodological understandings of digital transformation risks in the construction industry,
a number of critical limitations remain. Existing studies have yet to establish an analytical
pathway capable of achieving systematic risk identification from a full lifecycle perspective,
nor have they developed approaches that simultaneously ensure semantic consistency,
structural interpretability, and dynamic adaptability. This gap suggests that research on
digital transformation risks in construction enterprises urgently requires more integrated
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and system-oriented methodological frameworks at both the level of method selection
and model construction. Such frameworks are essential to address the practical realities
of digital transformation, in which risks become continuously salient, undergo structural
reconfiguration, and evolve in response to changing governance demands.

3. Research Design and Framework
Building on the gaps identified in existing studies, this research develops a method-

ological framework for the structured identification of digital transformation risks in
construction enterprises. The framework integrates topic modeling and inductive coding to
organize dispersed risk-related evidence from the literature into a coherent analytical struc-
ture. By combining semantic pattern extraction with inductive concept development, the
framework supports the construction of a hierarchical risk indicator system that provides a
systematic foundation for subsequent analysis and decision support.

3.1. Research Framework

The overall research framework is designed to support the structured identification of
digital transformation risks in construction enterprises. As illustrated in Figure 1, the study
follows a sequential four-stage process consisting of data acquisition, data preprocessing,
data analysis, and risk identification.

Figure 1. Framework of the LDA–Gioia hybrid model for risk identification and system construction.
The framework outlines a four-stage process comprising data acquisition, data preprocessing, topic
modelling, and inductive coding. LDA is employed to extract latent semantic patterns from the litera-
ture, while the Gioia methodology is used to inductively structure these patterns into a hierarchical
risk indicator system.

The research begins with data acquisition, in which academic literature related to
digital transformation in the construction context is collected and systematically screened.
The selected texts form the primary data source for subsequent analysis. This is followed by
data preprocessing, where unstructured textual materials are prepared to ensure consistency
and analytical reliability.

Based on the processed corpus, topic modeling is applied to identify latent risk-related
themes embedded in the literature. LDA is employed to capture recurring semantic pat-
terns and to organize dispersed risk-related information at the thematic level. The resulting
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themes are then examined through inductive coding. Drawing on the Gioia methodology,
keyword-based topics are iteratively interpreted and abstracted into conceptually mean-
ingful risk indicators, progressing from first-order concepts to second-order themes and
aggregate dimensions.

Finally, risk identification is achieved by integrating semantic extraction with induc-
tive structuring. The refined risk elements are synthesized into a hierarchical risk indicator
system for digital transformation in construction enterprises. This system provides a coher-
ent analytical foundation and supports a systematic understanding of the risk landscape
associated with digital transformation initiatives.

3.2. Framework Implementation
3.2.1. Data Acquisition

Literature related to digital transformation risks in construction enterprises was re-
trieved from the Web of Science Core Collection and Scopus databases for the period
2019–2024, using the keyword search strategies summarized in Table 1. After removing
duplicate records, the initial dataset comprised 984 publications.

Table 1. Search Strategies in Different Literature Databases.

Databases Search Strategy Codes Number of
Publications

Scopus

(TITLE-ABS-KEY (“construction” OR “architecture” OR “building”) AND
TITLE-ABS-KEY (“digital transformation” OR “digitalisation”) AND
TITLE-ABS-KEY (“risk”)) AND (LIMIT-TO (DOCTYPE, “ar”) OR LIMIT-TO
(DOCTYPE, “cp”) OR LIMIT-TO (DOCTYPE, “re”) OR LIMIT-TO (DOCTYPE, “cr”))

922

WOS (TS = (“construction” OR “architecture” OR “building”) AND TS = (“digital
transfor-mation” OR “digitalisation”) AND TS = (“risk”)) 151

The table summarises the keyword combinations and search logic used in each database to construct the literature
corpus for topic modelling and inductive analysis.

A structured literature screening procedure was conducted following the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. It should
be noted that PRISMA was adopted here as a transparent and systematic data collection
protocol to construct a high-quality textual dataset, rather than to conduct a descriptive or
evaluative review of prior studies.

In the preliminary screening stage, irrelevant studies, non-original research, and non-
peer-reviewed publications were excluded. Citation patterns and thematic relevance were
then examined to further remove low-citation, isolated, or low-quality studies. In the
final stage, content analysis was applied to identify publications with methodological
deficiencies or logical inconsistencies. After assessing the relevance of each remaining
article, 115 publications were retained as the foundational dataset for analysis, as illustrated
in Figure 2.

The purpose of data preprocessing is to prepare heterogeneous textual data for sub-
sequent topic modeling analysis. To ensure consistency and reduce analytical noise, the
collected literature texts were standardized and cleaned prior to analysis. Specifically, the
downloaded records were converted into a unified text format, and non-informative ele-
ments such as punctuation, numerals, and formatting symbols were removed. All textual
content was normalized to lowercase to ensure consistent term recognition.
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Figure 2. Literature Screening Flowchart Based on the PRISMA Method. The flowchart summarizes
the systematic literature identification, screening, and eligibility assessment process used to construct
the final corpus for topic modelling and inductive analysis.

The cleaned texts were then tokenized and filtered to retain terms with substantive
semantic relevance to digital transformation risks in construction enterprises. Common
stopwords were removed using a customized stopword list adapted from standard linguis-
tic resources. The resulting corpus formed the basis for constructing the document–term
matrix used in the topic modeling stage.

3.2.2. Topic Modeling for Risk Semantic Extraction

To systematically extract latent risk-related semantics from the preprocessed literature
corpus, this study employs LDA as the core topic modeling technique. LDA assumes that
each document is composed of a mixture of latent topics, and that each topic is characterized
by a probabilistic distribution over words. Through this probabilistic generative framework,
dispersed textual discussions of digital transformation risks can be consolidated into a
finite set of semantically coherent topics. Formally, the conditional probability of a word w
occurring in a document d can be expressed as the weighted combination of topic–word
and document–topic distributions [39]:

P(w|d) = ∑T P(w|t)× P(t|d), (1)

where P(w|t) represents the probability of word w under topic t, and P(t|d) denotes the
probability of topic t appearing in document d. In this formulation, the document–topic
and topic–word distributions are treated as latent variables governed by Dirichlet priors.

A critical modeling decision in LDA is the specification of the number of topics
K. In this study, K was determined through an iterative evaluation process that jointly
considered statistical adequacy and semantic interpretability. Model fit was assessed using
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perplexity, which evaluates the predictive performance of the model on the corpus and is
defined as [39]:

Perplexity(D) = exp(−∑
|D|
d=1 logp(wd)

∑
|D|
d=1 Nd

), (2)

where D denotes the document corpus, wd represents the sequence of words in docu-
ment d, and Nd represents the number of words in document d, and p(wd) indicates the
probability of the word sequence in the document. By calculating perplexity for different
values of K, the relative change in model fit across topic numbers can be examined. In
practice, perplexity typically decreases monotonically as K increases and therefore cannot
be used alone to determine an optimal topic number. Accordingly, the selection of K in
this study is based on a joint consideration of decreasing perplexity, topic coherence, and
semantic interpretability.

To ensure semantic coherence and interpretability of the extracted topics, topic coher-
ence was additionally examined. Coherence evaluates the degree of semantic relatedness
among high-probability words within a topic and is commonly calculated based on word
co-occurrence statistics. A representative formulation is given by [39]:

Coherence(w) = ∑(wi ,wj)∈V score
(
wiwj, ε

)
, (3)

(
wiwj, ε

)
= log

[
p
(
wi, wj

)
+

ε

p(wi)p
(
wj

)], (4)

where wi and wj are words within a topic, p
(
wi, wj

)
denotes the probability of wi and wj co-

occurring, p(wi) and p
(
wj

)
represent the probabilities of wi and wj occurring individually,

and ε is a small smoothing term introduced to prevent zero values.
In this article, LDA was implemented in Python (version 3.11.7) using the Gensim

library (version 4.3.0). Text preprocessing was conducted using Natural Language Toolkit
(version 3.8.1) and included lowercasing, tokenisation, part-of-speech (POS) tagging, and
stopword removal. To emphasize domain-relevant semantic units and reduce noise, only
noun tokens (POS tags beginning with “NN”) were retained, and tokens shorter than
two characters and common stopwords were removed. Notably, lemmatization or stem-
ming was not performed to preserve the integrity of professional construction and dig-
ital technology terminology. The final dictionary size after preprocessing consisted of
12,555 unique tokens. No additional minimum or maximum document-frequency filtering
was applied beyond the POS tagging and length filtering to avoid losing niche but critical
risk terms. The Dirichlet priors α and β were set to “auto”, allowing the model to learn
asymmetric distributions directly from the corpus to better adapt to heterogeneous data.
The model was trained with 15 passes over the corpus to enhance the stability of the
estimated latent topic structure. Furthermore, a fixed random seed was specified during
the initialization and training process to ensure the reproducibility of the probabilistic topic
generation. Due to the use of variational inference, concepts such as “burn-in” associated
with Gibbs sampling are not applicable in this implementation.

The final topic configuration was selected by balancing low perplexity values with
high topic coherence, ensuring both statistical robustness and semantic interpretability.
The resulting topic–keyword distributions represent latent semantic patterns associated
with digital transformation risks in construction enterprises. These outputs serve as inputs
for subsequent inductive coding and conceptual structuring, rather than constituting final
analytical results.
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3.2.3. Inductive Coding and Indicator Structuring

While topic modeling provides a statistical representation of latent semantic patterns,
the resulting topics are primarily expressed through sets of keywords and lack explicit
conceptual structure. To translate these topic outputs into analytically meaningful and
interpretable risk elements, this study adopts an inductive coding approach based on the
Gioia methodology.

In the first coding stage, keyword expressions and corresponding text excerpts were
translated into first-order concepts that closely reflected the language used in the original
studies. These first-order concepts were then compared across topics and iteratively refined
to identify similarities, overlaps, and conceptual relationships. In the second stage, related
first-order concepts were grouped into second-order themes that captured more abstract
and theoretically meaningful dimensions of digital transformation risk. This process was
guided by constant comparison and repeated reference to the underlying literature to
maintain conceptual consistency.

In the final stage of abstraction, second-order themes were further consolidated into
aggregate dimensions representing higher-level risk domains. Through this multi-level
inductive process, dispersed and fragmented risk-related discussions across the literature
were systematically organized into a coherent hierarchical structure. The resulting structure
consists of first-order risk indicators, second-order thematic categories, and aggregate risk
dimensions, forming a comprehensive risk indicator system for digital transformation in
construction enterprises.

By integrating topic modeling with inductive coding, the proposed framework com-
bines data-driven semantic extraction with theory-informed conceptual structuring. This
integration ensures that the identified risk indicators are grounded in both large-scale
empirical evidence and interpretive analytical rigor, providing a transparent and replicable
foundation for subsequent analysis.

4. Results and Analysis
4.1. Topic Modeling Results

Figures 3 and 4 present the evaluation results of model perplexity and topic coherence
under different topic numbers, computed according to Equations (2)–(4). In both figures,
the x-axis represents the number of topics, while the y-axis corresponds to perplexity and
coherence scores. As the number of topics increases, perplexity gradually decreases and
stabilizes, whereas coherence exhibits noticeable fluctuations. This pattern indicates that
increasing the topic number improves statistical fit but does not necessarily lead to clearer
semantic interpretability.

Figure 3. Perplexity evaluation of LDA models under different topic numbers. The figure shows how
model perplexity varies with the number of topics. Perplexity is used as a quantitative reference to
assess model fit.
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Figure 4. Coherence evaluation of LDA models under different topic numbers. The figure presents
coherence scores for different topic configurations, reflecting the semantic interpretability and internal
consistency of topics.

Based on the combined evaluation of perplexity and coherence, an initial configuration
with K = 18 topics was identified as statistically acceptable, characterized by relatively
low perplexity and comparatively high coherence. At this resolution, the LDA model
captures fine-grained semantic diversity in the literature, allowing dispersed risk-related
expressions to be represented with sufficient detail. Table 2 presents the LDA-derived
topics for the K = 18 solution, summarized by representative keywords and example refer-
ences. The keywords are selected based on the highest-probability terms in the topic–word
distributions P(w|t) defined in Equation (1) and generated by the trained LDA model.
These topics reflect latent semantic patterns identified from the literature corpus rather than
pre-defined or manually interpreted risk categories. For completeness and transparency,
the keyword distributions and corresponding weight values for all 18 topics are provided
in Appendix A.

Table 2. LDA-derived topics with representative keywords and example references.

Topic Representative Keywords (Top Terms) Example
References

Topic 1 process, project, model, data, city, architects, transportation, design, management, software [3,47,48]

Topic 2 data design, logistics tracking, partners, project tags, activities [49,50]

Topic 3 architectural design, models, planning, technical parameters [51,52]

Topic 4 data analysis, BIM, industry management, digital twins [53,54]

Topic 5 leadership, industry research, technology, data management [23,55]

Topic 6 industry models, data barriers, SMEs, processes, expert opinions [56,57]

Topic 7 data, BIM, technology policies, industry analysis, development [58,59]

Topic 8 design knowledge, performance, engineering structures, resources, organisation [60,61]

Topic 9 data, industry technologies, management, enterprise innovation, development [62,63]

Topic 10 enterprises, industries, business, technology development, management capabilities [64,65]

Topic 11 data, industry projects, technological barriers, management frameworks, implementation [66,67]

Topic 12 industrial risks, digitalisation, models, research, technology [68,69]

Topic 13 BIM, project management, design, implementation, evaluation [70,71]

Topic 14 data engineering, management, power systems, maintenance, production models [72,73]

Topic 15 BIM, innovative technologies, model design, management capabilities [74,75]

Topic 16 knowledge, organisation, academic resources, projects, library applications [76,77]
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Table 2. Cont.

Topic Representative Keywords (Top Terms) Example
References

Topic 17 BIM adoption, user behaviour, environment, corporate projects [78,79]

Topic 18 evaluation models, safety, real-time monitoring, BIM, performance, regulation [80,81]
The table presents the primary semantic outputs of the LDA model. Each topic is characterised by high-probability
keywords and representative publications, and is not interpreted as a final risk category. These LDA-derived
topics serve as first-order semantic inputs for subsequent inductive coding and hierarchical risk structuring.

It should be emphasized that the topics reported in Table 2 are not treated as final risk
categories. Instead, the LDA-derived topic terms are directly treated as first-order concepts
and serve as the semantic basis for subsequent inductive coding and structural refinement,
through which higher-level risk themes and aggregate dimensions are developed.

To examine whether these topics could be directly used for higher-level risk structur-
ing, an inter-topic distance visualisation was generated using Multidimensional Scaling
(MDS). The inter-topic distances were computed based on the topic–word distributions
P(w|t) defined in Equation (1), and the resulting distance matrix was projected into a
two-dimensional space, as shown in Figure 5. Although the K = 18 solution satisfies the
quantitative evaluation criteria, the visualization reveals substantial overlap among several
topics. This overlap suggests limited discriminative clarity at higher levels of abstraction
and reduces the interpretability of individual topics when used directly to define overar-
ching risk domains. Importantly, this analysis does not imply that the K = 18 solution
is methodologically inappropriate, but rather that topic modeling results alone are not
intended to serve as final structural categories in this study.

Figure 5. LDA inter-topic distance visualization based on multidimensional scaling (K = 18). Each
circle represents a topic identified by the LDA model, with circle size indicating the relative topic
weight. The distances between circles reflect semantic similarity between topics based on overall term
distributions rather than individual word overlap. The visualization is used to assess topic separation
and to support the selection of an appropriate topic configuration for subsequent inductive analysis.

To enhance topic independence and support higher-level conceptual structuring, the
topic number was further reduced and re-evaluated. Based on the consistency of perplexity
and coherence trends observed in Figures 3 and 4, a statistically acceptable intermediate
configuration with K = 6 was examined, and the corresponding inter-topic distance
visualization is presented in Figure 6. While topic overlap was partially alleviated at
this resolution, residual similarity among certain topics remained evident, indicating that
further abstraction was required.
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Figure 6. LDA inter-topic distance visualization based on multidimensional scaling (K = 6). Each
circle represents a topic identified by the LDA model, with circle size indicating the relative topic
weight. The distances between circles reflect semantic similarity between topics based on overall term
distributions rather than individual word overlap. The visualization is used to assess topic separation
and to support the selection of an appropriate topic configuration for subsequent inductive analysis.

As illustrated in Figure 7, the K = 5 configuration exhibits clearer spatial separation in
the inter-topic distance visualization, reflecting improved topic independence and concep-
tual coherence. Although some feature terms appear across multiple topics, this reflects
the inherent polysemy of natural language and the broad thematic scope of digital trans-
formation research rather than insufficient topic separation. Importantly, the MDS-based
visualization considers overall term distributions rather than individual word overlap,
allowing meaningful differentiation among topics despite shared vocabulary.

Figure 7. LDA inter-topic distance visualization based on multidimensional scaling (K = 5). Each
circle represents a topic identified by the LDA model, with circle size indicating the relative topic
weight. The distances between circles reflect semantic similarity between topics based on overall term
distributions rather than individual word overlap. The visualization is used to assess topic separation
and to support the selection of an appropriate topic configuration for subsequent inductive analysis.

Based on the above analysis, the K = 5 configuration is adopted as the primary analyt-
ical basis for defining first-level risk categories in the subsequent structuring process, while
the finer-grained K = 18 configuration is retained as a semantic reference for identifying
second- and third-level risk indicators. This multi-resolution use of topic modeling results
supports both conceptual clarity at the structural level and semantic completeness at lower
levels, thereby facilitating the construction of a hierarchical risk indicator system.

4.2. Inductive Coding Results

Building on the topic modeling results, inductive coding was conducted to structurally
synthesize the latent risk semantic units identified through LDA. This process aimed to
translate dispersed keyword-based topics into a hierarchical and theoretically interpretable
risk structure. The resulting coding framework provides a structured foundation for the
construction of the digital transformation risk indicator system.

Following the Gioia methodology, a three-tier coding structure was developed through
multiple rounds of inductive abstraction and refinement. First-order concepts correspond
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directly to the LDA-identified topic terms, with representative textual excerpts used to
support semantic traceability to the original literature. These concepts were then compared
and consolidated into second-order themes based on shared risk mechanisms, causal logic,
and contextual characteristics. Finally, the second-order themes were further abstracted
into aggregate dimensions that reflect broader structural domains of digital transformation
risk, rather than isolated or event-specific risk factors.

To illustrate the inductive coding process following topic modelling, Topic 1 is used
as an example. Topic 1 was characterized by high-probability terms including process
(0.022), project (0.021), model (0.015), data (0.014), city (0.009), architects (0.008), trans-
portation (0.007), design (0.006), management (0.006), and software (0.006). In this study,
these LDA-derived terms were directly treated as first-order concepts, consistent with the
modelling outputs.

Inductive coding was therefore focused on abstracting higher-level structures from
these first-order concepts. In particular, first-order concepts emerging from Topic 1 were
examined together with semantically related first-order concepts from other topics to iden-
tify recurring patterns and functional similarities. Through this cross-topic comparison,
first-order concepts referring to digital workflows, project execution, and modelling prac-
tices were consolidated into a second-order theme labelled processes and projects based on
shared functional roles in digital transformation projects and consistent semantic patterns
observed across topics. Similarly, first-order concepts associated with professional roles
and domain-specific design contexts were abstracted into themes such as urban archi-
tects and transportation design, while concepts related to management and software were
consolidated into the theme management software.

These second-order themes were subsequently interpreted in relation to their roles
within construction digital transformation and aggregated into broader structural dimen-
sions. In this example, themes associated with software, data, and digital tools informed
the aggregate dimension of digital technology infrastructure risk, themes reflecting cross-
professional and cross-project coordination contributed to cross-stakeholder and industry
chain transmission risk, and themes related to digital process execution and project support
were incorporated into digital implementation and operation support risk. This procedure
illustrates how inductive coding operated on LDA-derived first-order concepts to generate
a structured, multi-level risk indicator system.

Consistent with the Gioia methodology, the inductive coding process necessarily in-
volves researcher judgement in interpreting and abstracting meanings from textual sources.
The methodological emphasis therefore lies in ensuring transparency, traceability, and sys-
tematic validation of these judgements. In this study, inductive interpretation was explicitly
constrained by LDA-derived semantic groupings and subsequently reviewed through
expert validation, thereby mitigating individual bias and enhancing analytical credibility.

To enhance the reliability and interpretability of the coding results, an expert validation
process was incorporated. Three experts with experience in digital transformation and risk
governance in construction enterprises participated in two rounds of review. The reviews
focused on the consistency of first-order concept assignment, the logic of theme aggregation,
and the delineation of aggregate dimensions. Based on expert feedback, ambiguities in
term boundaries and overlaps between dimensions were refined, and the labeling logic
was standardized.

As shown in Figure 8, the final coding structure consists of 18 s-order themes and
10 aggregate dimensions. The aggregate dimensions capture key organizational, technolog-
ical, and environmental structures underlying digital transformation risks in construction
enterprises. These dimensions emphasize structural conditions, capability constraints,

https://doi.org/10.3390/buildings16030647

https://doi.org/10.3390/buildings16030647


Buildings 2026, 16, 647 14 of 27

and governance challenges, rather than focusing solely on individual technologies or
operational incidents.

Figure 8. Inductive coding results based on the hybrid LDA–Gioia framework. The figure illustrates
the three-tier coding structure, in which LDA-derived topic terms are treated as first-order concepts
and are inductively abstracted into second-order themes and aggregate dimensions. The resulting
structure captures key structural domains of digital transformation risk and forms the basis of the
proposed hierarchical risk indicator system.

In addition, supplementary literature was introduced to test the semantic sufficiency
and stability of the coding structure [82]. All newly introduced risk statements could be
accommodated within the existing themes and dimensions without generating additional
categories. This result indicates that the final coding framework demonstrates good seman-
tic coverage and structural stability. The complete inductive coding results are summarized
in Figure 8.

4.3. Hierarchical Risk Indicator System

Building on the LDA modeling and Gioia coding results, this study further translates
the identified risk semantic structures into a hierarchical risk indicator system. Rather
than representing a catalog of isolated risk events or operational issues, the constructed
indicators capture key structural conditions that shape the emergence, amplification, and
transmission of digital transformation risks in construction enterprises. The indicator
system therefore reflects underlying risk mechanisms at different levels of abstraction,
providing a structured basis for subsequent risk evaluation.

4.3.1. Construction of First-Level Indicators

The first step in constructing the hierarchical risk indicator system is the identifica-
tion of first-level indicators, which define the fundamental structural domains of digital
transformation risks in construction enterprises. Based on the topic stability and semantic
separation observed in the LDA results at K = 5, and considering the operational feasibility
of subsequent risk evaluation, five first-level indicators were established. This choice
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reflects a balance between semantic representativeness and analytical tractability, rather
than a direct one-to-one mapping between LDA topics and indicator categories.

The results of the Gioia-based coding analysis indicate that digital transformation
risks in construction enterprises are predominantly concentrated within five overarching
structural domains. These domains correspond to conditions related to resource allocation,
technological and data foundations, organizational change capability, internal and external
environmental constraints, and cross-stakeholder coordination mechanisms. Together, they
capture the major structural contexts in which digital transformation risks are generated
and transmitted.

Accordingly, the five first-level indicators were defined as Resources, Technology,
Organization, Environment, and Industry Chain. These indicators represent relatively
stable and system-level risk domains that extend across projects and stages of digital
transformation, rather than isolated technical or managerial issues.

From a theoretical perspective, the configuration of the first-level indicators aligns
with the Technology–Organization–Environment (TOE) framework [83]. On this basis,
“Resources” and “Industry Chain” emerged as independent domains to better reflect the
specific characteristics of digital transformation in the construction industry. Resource
input and allocation constraints exert a foundational influence on digital initiatives across
multiple projects, while effective industry chain collaboration is critical given the frag-
mented and multi-actor nature of construction activities. Risks arising at the industry chain
level can directly undermine the functionality and integration of digital systems, justifying
its treatment as a distinct first-level indicator.

4.3.2. Construction of Second-Level Indicators

The second-level indicators further articulate the internal structure of each first-level
domain by capturing relatively stable risk formation mechanisms. While first-level in-
dicators reflect broad structural contexts, second-level indicators differentiate how risks
arise and accumulate within each domain, thereby enhancing the explanatory power and
analytical resolution of the indicator system. The identification of second-level indicators
was primarily grounded in the aggregate dimensions derived from the Gioia coding results.
These dimensions reveal recurring patterns in risk causation and constraint mechanisms
across the literature. Relevant theoretical perspectives were subsequently employed to
standardize conceptual boundaries and ensure internal consistency, rather than to introduce
additional categories.

Under the Resources domain, risk semantics are mainly associated with investment
capacity, capability endowment, and resource deployment modes. The coding results
indicate a clear distinction between material input conditions and capability-related con-
straints. Accordingly, second-level indicators were defined as Tangible Resources and
Intangible Resources, consistent with the basic distinction proposed in the Resource-Based
View (RBV) [84]. Tangible resources reflect risks related to the scale, stability, and allocation
of financial and physical inputs required to sustain digital transformation initiatives. Intan-
gible resources capture risks associated with managerial cognition, workforce competence,
and the accumulation of organizational knowledge.

Within the Technology domain, risk semantics concentrate on system reliability, inter-
operability, and data governance conditions. Two second-level indicators were identified:
Technological Infrastructure and Data Management. This distinction aligns with estab-
lished information systems research and the Technology Acceptance Model (TAM), which
differentiates between system-level support conditions and data-related governance capa-
bilities [85,86]. Technological infrastructure represents the foundational support capacity
of digital systems, including hardware, software platforms, and system compatibility.
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Data management reflects risks related to data standardization, integration, quality, and
value realization.

For the Organization domain, the Gioia coding results highlight risks arising from
goal formulation, coordination mechanisms, and capability development processes. These
risk semantics were synthesized into Strategic Planning and Organizational Development,
corresponding to core concerns emphasized in organizational change and learning theories.
Strategic planning focuses on the clarity and coherence of digital transformation objectives,
as well as cross-functional coordination and process design. Organizational development
captures risks related to skill upgrading, performance evaluation, and alignment between
individual behavior and organizational transformation goals.

Under the Organization first-level indicator, risk semantics mainly involve strategic
goal setting, organizational coordination mechanisms, and capability development. Draw-
ing on Organization Development Theory (ODT), Change Management Theory (CMT),
and Organizational Learning Theory [87–90], second-level indicators are categorized as
Strategic Planning and Organizational Development. Strategic planning emphasizes the
establishment of digital transformation objectives, cross-departmental coordination mecha-
nisms, and process design. Organizational development focuses on personnel capability
enhancement, performance evaluation mechanisms, and goal alignment.

Under the Environment first-level indicator, risk semantics primarily reflect the con-
straints imposed by external uncertainty and internal institutional conditions on digital
transformation. Based on Environmental Adaptation Theory (EAT) and Dynamic Capabili-
ties Theory (DCT) [91,92], the second-level indicators are defined as Market Environment
and Enterprise Environment. Market environment reflects external factors such as industry
competition, policy changes, and market demand fluctuations. Enterprise environment
focuses on organizational culture, innovation climate, and internal institutional conditions.

Under the Industry Chain first-level indicator, risk semantics are highly concentrated
on cross-stakeholder collaboration and external support conditions. Drawing on Supply
Chain Integration Theory (SCIT) [93], the second-level indicators are defined as Industry
Chain Collaboration and Service Support. Industry chain collaboration reflects the degree
of information sharing and coordination among owners, design firms, contractors, suppli-
ers, and operations entities. Service support encompasses external professional services,
including consulting and technical assistance.

4.3.3. Construction of Third-Level Indicators

The third-level indicators further operationalize the abstract structural conditions
represented by the first- and second-level indicators, transforming them into measurable
and comparable evaluation units. Unlike the higher-level indicators, which emphasize
structural domains and risk formation mechanisms, third-level indicators focus on captur-
ing the typical manifestations and intensity characteristics of digital transformation risks in
construction enterprises.

It should be emphasized that the third-level indicators developed in this study are
not intended to provide an exhaustive list of specific risk events or operational problems.
Instead, they represent conceptually concise expressions of key risk exposure conditions
under each structural domain. This design choice ensures that the indicator system remains
analytically tractable while retaining sufficient sensitivity to reflect variations in digital
transformation risk levels across enterprises and projects.

The identification of third-level indicators was primarily based on the fine-grained
semantic information extracted from the LDA model under higher topic resolutions, com-
plemented by the first-order concepts generated during the Gioia coding process. These
semantic units capture recurrent risk expressions in the literature related to funding conti-
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nuity, capability sufficiency, system reliability, data governance, organizational alignment,
environmental adaptability, and cross-stakeholder coordination. On this basis, candidate
indicators were screened and refined to ensure logical consistency with their corresponding
second-level indicators.

To enhance contextual relevance, particular attention was given to aligning third-
level indicators with the practical characteristics of digital transformation in construc-
tion enterprises. Rather than adopting overly generic or technology-neutral expressions,
the indicators were formulated to reflect common risk exposure patterns observed in
construction-specific digital transformation initiatives, such as fragmented project orga-
nization, multi-actor collaboration, and long lifecycle dependency. At the same time,
overly detailed descriptions tied to specific technologies or organizational practices were
deliberately avoided to preserve conceptual abstraction and cross-case comparability.

The refinement process further incorporated a comparative review against commonly
used risk representation indicators in the existing literature, with the aim of standardiz-
ing terminology while maintaining domain specificity. Subsequently, expert review was
conducted to assess the clarity, redundancy, and hierarchical appropriateness of the pro-
posed third-level indicators. Based on expert feedback, several indicators were merged
or rephrased to avoid conceptual overlap and to ensure that each indicator represents a
distinct aspect of risk exposure under its corresponding structural condition.

The finalized third-level indicators are presented in Table 3, forming the lowest level
of the hierarchical risk indicator system. Together with the first- and second-level indica-
tors, they constitute a coherent and multi-layered framework that supports subsequent
quantitative risk assessment and comparative analysis of digital transformation risks in
construction enterprises.

Table 3. Hierarchical Risk Indicator System for Digital Transformation in Construction Enterprises.

First-Level
Indicators

Second-Level
Indicators Third-Level Indicators Third-Level Indicators Explanation

Resources

Tangible Resources

Internal Funding [84]
Internal funding capacity for digital

infrastructure and
platform integration

External Funding [94] External funding dependence under
project-based investment cycles

Capital Allocation Method [95] Capital allocation mechanism across
multi-project digital initiatives

Intangible Resources

Managerial Human
Resources [96]

Managerial digital competence in
construction enterprises

Employee Human
Resources [97]

Workforce digital capability across
project teams

Technology

Technological
Infrastructure

Technical Compatibility [83]
Technical compatibility among

heterogeneous construction
digital systems

Technology Maturity [98] Maturity of construction-oriented
digital technologies

Data
Management

Data Standardization [99]
Data standardization across

design–construction–
operation stages

Degree of Data Assetization [92] Degree of data assetization for
project lifecycle management
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Table 3. Cont.

First-Level
Indicators

Second-Level
Indicators Third-Level Indicators Third-Level Indicators Explanation

Organization

Strategic Planning

Strategic Planning [100] Enterprise-level digital
transformation strategy alignment

Coordination Mechanisms [101]
Cross-departmental coordination

under project-based
organizational structures

Process Design [102] Digital process design across
fragmented construction functions

Organizational
Development

Specialized Skills Training [103] Targeted digital skills training for
construction personnel

Targeted Performance
Evaluation [104]

Performance evaluation mechanisms
supporting digital transformation

Goal Alignment [105] Alignment between digital objectives
and project execution goals

Environment

Market Environment
Market Adaptability [106] Market adaptability under industry

competition and policy dynamics

Environmental Awareness [107] Sensitivity to external environmental
and regulatory changes

Enterprise Environment
Corporate Culture [90] Organizational culture supporting

digital adoption

Innovation Climate [108] Innovation climate within
construction enterprises

Industry Chain

Industry Chain
Collaboration

Industry Collaboration [93] Digital collaboration among owners,
designers, contractors, and operators

Business Communication [109]
Inter-organizational communication

via multi-stakeholder
digital platforms

Service Support

Consulting Services [110] Availability of specialized digital
consulting services

Technical Services [111]
Reliability of external technical

support for construction
digital systems

The table summarizes the hierarchical organization of risk indicators derived from the LDA theme numbers and
inductive coding results, reflecting structural risk domains and underlying formation mechanisms.

5. Discussion and Conclusions
5.1. Discussion

Digital transformation risks in construction enterprises are conceptualized in this
study as a structural and systemic phenomenon rather than as a collection of isolated
technical failures or managerial deficiencies. The results show that risk exposure emerges
from the interaction of multiple conditions spanning resources, technology, organization,
environment, and industry chain coordination. This perspective is particularly appropriate
for construction settings, where digital transformation rarely unfolds as a single, bounded
initiative and instead progresses across multiple projects, actors, and lifecycle stages.
As a consequence, risks tend to accumulate through cross-domain coupling rather than
originating from discrete, independently manageable events.

A key implication of the proposed framework is that digital transformation risks
in construction enterprises are not reducible to any single dominant dimension. While
existing studies often emphasize technology readiness, organizational resistance, or digital
capability maturity, such approaches implicitly treat other conditions as background vari-
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ables. The results of this study suggest that such partial perspectives may underestimate
the systemic nature of risk accumulation in construction digital transformation. In practice,
weaknesses in one domain—such as insufficient resource allocation or fragmented industry
chain coordination—can amplify vulnerabilities in others, even when technological or
organizational conditions appear relatively mature. This interdependence highlights the
limitations of single-dimension or checklist-based risk identification approaches in complex,
project-based environments.

The differentiation of risk mechanisms across domains further reveals how construction-
specific characteristics condition digital transformation outcomes. Resource-related risks
are shown to arise less from absolute shortages than from misalignment among financial
inputs, human capabilities, and project-level deployment patterns. Given the project-based
nature of construction enterprises, investments in digital systems are often distributed un-
evenly across projects, leading to discontinuities in capability accumulation and utilization.
Technological risks extend beyond system functionality to include data fragmentation and
governance challenges associated with heterogeneous platforms and decentralized project
organizations. These issues constrain the continuity of digital information across design,
construction, and operation stages, limiting the effectiveness of digital systems even when
individual technologies perform adequately.

Organizational risks are closely associated with the challenge of embedding enterprise-
level digital strategies within temporary and decentralized project structures. Unlike
process-oriented industries, construction enterprises rely heavily on short-term project
teams and localized decision-making, which can impede organizational learning and the
diffusion of digital practices. As a result, strategic intentions related to digital transfor-
mation may fail to translate into consistent execution at the project level. This finding
helps explain why construction enterprises with formal digital strategies and governance
structures may still experience persistent implementation risks.

Environmental and industry chain-related risks underscore the extent to which con-
struction digital transformation depends on conditions beyond the focal enterprise. Reg-
ulatory uncertainty, market volatility, and shifting client requirements influence both the
timing and direction of digital investments. At the same time, the effectiveness of digi-
tal systems is highly contingent on collaboration among owners, designers, contractors,
suppliers, and service providers. Failures in industry chain coordination can undermine
system interoperability and data continuity, even when individual enterprises demonstrate
strong internal capabilities. This observation suggests that digital transformation risks
cannot be fully managed within organizational boundaries alone and require attention to
inter-organizational governance and coordination mechanisms.

An additional contribution of this study lies in the abstraction strategy used to express
risk indicators. Rather than enumerating specific risk events or scenarios, the third-level in-
dicators capture structural conditions that shape risk exposure. This abstraction reflects the
cumulative and dynamic nature of digital transformation risks in construction enterprises,
where adverse outcomes often emerge through gradual misalignment and interaction
rather than through sudden failures. By focusing on structural conditions, the proposed
indicator system supports cross-project comparison and longitudinal assessment, while
avoiding excessive dependence on context-specific or technology-specific descriptions.

From a practical perspective, the proposed indicator system is intended to support
structured risk identification rather than to function as a standalone evaluation or decision-
making tool. In empirical settings, the hierarchical indicators can be used to guide expert
workshops, internal risk reviews, or project-stage diagnostics by ensuring that technologi-
cal, organizational, and industry chain-related conditions are considered in an integrated
manner. The indicator system may also serve as an input layer for subsequent quanti-
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tative risk assessment or decision-support methods, such as multi-criteria evaluation or
structural modelling approaches, by providing a transparent and theoretically grounded
representation of underlying risk conditions.

For policymakers and regulators, the framework offers a system-oriented reference
structure for understanding digital transformation risks in the construction sector without
prescribing specific technologies or implementation pathways. By emphasizing structural
conditions and interaction mechanisms, the indicator system can support comparative anal-
ysis across projects or organizations and inform the design of adaptive governance or regula-
tory instruments, while remaining flexible to different institutional and regulatory contexts.

The results indicate that event-based or single-dimension analyses are unlikely to
adequately capture how digital transformation risks accumulate in construction enterprises.
The hierarchical indicator system developed in this study provides a theoretically grounded
and empirically informed representation of the structural conditions under which such
risks emerge and propagate. As such, the framework offers a coherent foundation for
subsequent quantitative assessment, causal modeling, and decision-support applications,
and clarifies the mechanisms through which digital transformation risks are more likely to
intensify in construction contexts.

5.2. Conclusions

This study addresses the challenge of systematically identifying digital transforma-
tion risks in construction enterprises by developing a structured, literature-driven frame-
work. By integrating topic modeling with inductive coding, dispersed and heteroge-
neous risk-related evidence is translated into a coherent hierarchical indicator system,
providing a transparent and replicable basis for organizing digital transformation risks in
construction contexts.

Rather than treating risks as isolated events or technology-specific issues, the study
reframes digital transformation risk in construction enterprises as a configuration of inter-
acting structural conditions. The resulting indicator system captures how risk exposure
emerges and accumulates across resources, technology, organization, environment, and
industry chain coordination, reflecting the project-based and multi-actor characteristics of
the construction industry. This perspective helps explain why digital transformation risks
in construction often persist across projects and stages, even when individual initiatives
appear well managed.

However, several limitations warrant consideration. Methodologically, while LDA
effectively extracts latent themes, its reliance on probabilistic word co-occurrence suggests
that alternative text-mining approaches could further complement the current framework.
Specifically, incorporating Graph Neural Networks for structural text classification or
exploring other advanced text-mining techniques, such as machine learning or generative
models, could complement the current framework by improving risk mapping precision
and capturing complex relationships [112,113]. Furthermore, as the analysis is grounded in
peer-reviewed academic publications, the findings should be validated against empirical
project-level data to better account for emerging industry practices and heterogeneous
firm-specific risk perceptions. Future research may leverage this structural foundation
to support causal modeling or comparative assessments across different project stages
and organizational contexts, potentially extending the framework’s applicability to other
infrastructure-intensive sectors.
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Appendix A

Table A1. LDA Topic Analysis Results (K = 18).

Topic Top 10 Feature Terms and Their Weights

1
0.022*”process”+ 0.021”project”+ 0.015”model”+ 0.014”data”+ 0.009”city”+
0.008”architects”+ 0.007”transportation”+ 0.006”design”+
0.006”management”+ 0.006”software”

2
0.020”data”+ 0.015”design”+ 0.012”tracking”+ 0.010”logistics”+
0.010”partner”+ 0.008”project”+ 0.008”tags”+ 0.007”tests”+
0.007”assembly”+ 0.006”activities”

3
0.022”process”+ 0.021”building”+ 0.015”design”+ 0.014”model”+
0.009”plan”+ 0.008”parameters”+ 0.007”technology”+ 0.006”software”+
0.006”authority”+ 0.006”planning”

4
0.020”data”+ 0.015”bim”+ 0.012”industry”+ 0.010”analysis”+
0.010”management”+ 0.008”model”+ 0.008”twin”+ 0.007”operation”+
0.007”study”+ 0.006”building”

5
0.025”leadership”+ 0.020”leaders”+ 0.016”industry”+ 0.014”study”+
0.013”technology”+ 0.009”data”+ 0.009”management”+ 0.009”process”+
0.008”technologies”+ 0.008”model”

6
0.025”assessment”+ 0.021”model”+ 0.021”safety”+ 0.018”ground”+
0.017”truth”+ 0.012”lines”+ 0.011”bim”+ 0.011”hazards”+
0.010”performance”+ 0.009”regulation”

7
0.029”data”+ 0.022”bim”+ 0.016”technology”+ 0.014”model”+
0.013”policy”+ 0.012”topic”+ 0.010”industry”+ 0.010”analysis”+
0.010”topics”+ 0.009”development”

8
0.029”design”+ 0.022”knowledge”+ 0.016”performance”+ 0.014”ic”+
0.013”firms”+ 0.012”equipment”+ 0.010”engineering”+ 0.010”structure”+
0.010”resources” +0.009”organisation”

9
0.030”data”+ 0.025”industry”+ 0.022”technology” +0.011”management”+
0.009”enterprises”+ 0.008”innovation”+ 0.008”development”+
0.008”process”+ 0.007”technologies”+ 0.007”level”

10
0.026”firms”+ 0.022”industry”+ 0.019”business”+ 0.015”aec”+
0.014”technology”+ 0.013”thinking”+ 0.010”management”+ 0.009”firm”+
0.008”skills”+ 0.007”capabilities”

11
0.030”data”+ 0.025”industry”+ 0.022”project”+ 0.011”barriers”+
0.009”technologies”+ 0.008”management”+ 0.008”study”+
0.008”framework”+ 0.007”implementation”+ 0.007”technology”

12
0.023”industry”+ 0.020”risk”+ 0.017”digitalisation”+ 0.012”model”+
0.010”study”+ 0.010”articles”+ 0.009”technologies”+ 0.009”technology”+
0.007”organisations”+ 0.007”building”
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Table A1. Cont.

Topic Top 10 Feature Terms and Their Weights

13
0.026”bim”+ 0.022”project”+ 0.019”design”+ 0.015”management”+
0.014”industry”+ 0.013”projects”+ 0.010”process”+ 0.009”review”+
0.008”implementation”+ 0.007”time”

14
0.041”data”+ 0.023”engineering”+ 0.021”management”+ 0.016”power”+
0.015”twin”+ 0.014”systems”+ 0.010”process”+ 0.010”maintenance”+
0.009”production”+ 0.009”model”

15
0.017”bim”+ 0.015”innovation”+ 0.012”technology”+ 0.012”model”+
0.011”design”+ 0.010”management”+ 0.010”data”+ 0.009”capability”+
0.009”level”+ 0.008”processes”

16
0.017”reading”+ 0.015”organizations”+ 0.012”college”+ 0.012”resources”+
0.011”project”+ 0.010”dp”+ 0.010”process”+ 0.009”study”+
0.009”application”+ 0.008”libraries”

17
0.055”bim”+ 0.035”adoption”+ 0.017”model”+ 0.011”behavior”+
0.011”study”+ 0.011”users”+ 0.009”environment”+ 0.008”technology”+
0.007”companies”+ 0.007”project”

18
0.030”barriers”+ 0.015”model”+ 0.013”data”+ 0.012”industry”+
0.011”smces”+ 0.011”process”+ 0.009”opinions”+ 0.009”experts”+
0.009”structure”+ 0.009”enterprises”

Table A2. LDA Topic Analysis Results (K = 6).

Topic Top 10 Feature Terms and Their Weights

1
0.014”barriers”+ 0.009”process”+ 0.009”smces”+ 0.008”performance”+
0.008”industry”+ 0.008”opinions”+ 0.007”document”+ 0.007”review”+
0.007”model”+ 0.006”ic”

2
0.026”bim”+ 0.017”data”+ 0.013”industry”+ 0.012”project”+
0.010”management”+ 0.009”design”+ 0.009”barriers”+ 0.008”level”+
0.008”technologies”+ 0.007”adoption”

3
0.029”data”+ 0.015”process”+ 0.011”model”+ 0.008”time”+
0.006”platform”+ 0.005”twin”+ 0.005”maintenance”+ 0.005”models”+
0.005”communication”+ 0.005”paper”

4
0.024”data”+ 0.017”model”+ 0.016”design”+ 0.008”study”+ 0.008”process”+
0.006”technology”+ 0.005”analysis”+ 0.005”assessment”+ 0.005”models”+
0.004”knowledge”

5
0.022”industry”+ 0.016”technology”+ 0.014”innovation”+ 0.014”project”+
0.013”management”+ 0.012”data”+ 0.009”technologies”+
0.008”development”+ 0.008”process”+ 0.008”study”

6
0.025”data”+ 0.016”technology”+ 0.016”model”+ 0.014”management”+
0.013”industry”+ 0.012”bim”+ 0.012”building”+ 0.011”twin”+
0.011”process”+ 0.010”development”

Table A3. LDA Topic Analysis Results (K = 5).

Topic Top 10 Feature Terms and Their Weights

1
0.039”data”+ 0.013”management”+ 0.012”industry”+ 0.012”model”+
0.010”project”+ 0.010”process”+ 0.006”study”+ 0.006”technology”+
0.005”time”+ 0.005”leadership”

2
0.018”innovation”+ 0.009”management”+ 0.009”industry+ 0.009”model”+
0.009”technology”+ 0.009”development”+ 0.009”business”+
0.008”process”+ 0.008”enterprises”+ 0.008”data”
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Table A3. Cont.

Topic Top 10 Feature Terms and Their Weights

3
0.017”technology”+ 0.016”design”+ 0.014”project”+ 0.014”industry”+
0.012”data”+ 0.012”bim”+ 0.011”development”+ 0.009”model”+
0.008”management”+ 0.007”environment”

4
0.012”data”+ 0.011”technologies”+ 0.011”technology”+ 0.010”industry”+
0.010”design”+ 0.010”management”+ 0.008”process”+ 0.007”power”+
0.007”analysis”+ 0.007”study”

5
0.027”bim”+ 0.018”industry”+ 0.014”barriers”+ 0.011”data”+
0.010”model”+ 0.010”technology”+ 0.010”process”+ 0.009”adoption”+
0.009”project”+ 0.008”study”
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