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Abstract

The rapid advancement of Al, especially large language models (LLMs), brings opportuni-
ties and challenges to industries. In construction, LLMs can enhance project coordination,
support decision-making and reduce workload, but adoption is limited by hallucination,
data security and domain complexity. This study investigates the current state of LLM
adoption in China’s construction industry through a four-step approach, including a com-
prehensive literature review to identify potential drivers and barriers, questionnaire design
and data collection for empirical analysis, and the application of the Entropy Weight
Method (EWM) to quantify and rank the relative importance of each factor. The findings
reveal that the top drivers originate at the company level, including strategic partnerships,
internal research teams, and staff training—highlighting the central role of organizational
readiness in enabling LLM integration. Conversely, the most critical barriers are embedded
in the construction domain itself, including knowledge gaps, workflow integration, and
data heterogeneity, which reflect structural limitations in the sector. Although LLM imple-
mentation remains in its early stages, survey responses show widespread optimism among
stakeholders regarding its future potential. The study proposes several actionable strategies
for both construction firms and policymakers to facilitate effective LLM adoption. Moreover,
the identified drivers and barriers are not exclusive to construction but are also relevant to
other digitally transforming sectors—such as manufacturing, healthcare, and energy—offering
broader implications for Al adoption in complex, project-based environments.

Keywords: large language models (LLMs); construction industry; adoption drivers; imple-
mentation barriers; digital transformation; entropy weight method (EWM)

1. Introduction

The construction industry is a cornerstone of global economic development, account-
ing for 13% of the global economy and providing extensive employment opportunities [1].
This is also the case in China, where the construction industry plays a pivotal role in eco-
nomic growth and contributes significantly to national development [2]. In 2023, the output
value of China’s construction industry reached $4.3 trillion, accounting for 6.8% of the
gross domestic product (GDP) [3]. However, technological innovation in the construction
industry usually lags behind other industries, with low levels of informatization, hindering
productivity improvement in this sector [4]. Over the past two decades, productivity
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growth in the sector has averaged only 1% annually [5]. In addition, the construction
industry faces many challenges such as schedule delay, cost overrun, substandard quality,
and high environmental impacts [6]. Leveraging information and intelligent technolo-
gies in engineering projects presents a promising pathway to address these challenges
effectively [7,8].

Recently, information and intelligent technologies such as Building Information Mod-
eling (BIM), the Internet of Things (IoT), Artificial Intelligence (Al), and Digital Twin (DT)
have been explored in the construction industry [9,10]. However, despite their gradual
adoption, their application remains limited due to challenges such as diverse data formats,
non-standardized construction knowledge, and inconsistent technical interfaces [11]. Ad-
ditionally, these technologies are difficult to use, and team members with limited coding
experience struggle to fully articulate their ideas [12]. As a result, the lack of integration
among data, workers, and intelligent tools hinders these technologies from fully empower-
ing construction projects [13].

The emergence of Large Language Models (LLMs)—advanced neural network-based
models with billions of parameters, trained on vast amounts of unlabeled text data through
self-supervised learning—offers a promising solution [14]. Benefiting from scaling laws
and emergent capabilities, large language models possess unprecedented generalization
and comprehension abilities. In the context of construction project management, domain-
specific LLMs can interpret unstructured managerial instructions expressed by personnel,
retrieve relevant multimodal knowledge—such as regulatory standards, contractual clauses,
and BIM data—and invoke digital tools via software application programming interfaces
(APIs) (Figure 1) [15,16]. These capabilities position them as ideal intelligent hubs for
construction management, bridging the gap between human expertise and digital tools
and thus enhancing decision-making efficiency and reducing manual workload across
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Figure 1. Synergy challenges in the construction industry.

Utilizing deep learning techniques and large datasets, LLMs have demonstrated their
remarkable capabilities across various language-related tasks, including text synthesis,
translation, summarization, and question-answering (Q & A) [17]. Furthermore, fine-
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tuning LLMs for specific domains can significantly enhance their utility. For example,
in the biomedical field, LLMs can support clinical decision-making and medical educa-
tion by assisting physicians in analyzing medical records, research papers, and clinical
guidelines [18-21]. In education, LLMs help students convert math word problems into
representative equations [22,23]. In economics, LLMs can analyze and process complex
financial data, such as market trends, investment strategies, and risk management, en-
abling investors to make more informed decisions [24]. In the field of social media, LLMs
can detect biases and misinformation, assisting platforms in maintaining the authenticity
of information [25-27]. In the construction industry, LLMs have been used to improve
construction project management through task automation, information integration, and
intelligent forecasting, offering more efficient and intelligent solutions [6,28].

Despite the promising potential of LLMs to improve efficiency in the construction
industry, their implementation remains in its infancy [29]. Compared to industries such as
healthcare and finance, the adoption of LLMs in construction is far less widespread [30].
This is largely due to the diversity of data formats and the low levels of informatization
within the construction industry [6]. Additionally, challenges such as a lack of transparency
in model explanations [31], as well as the significant costs, data requirements, and com-
putational demands, further hinder their application [32]. Another critical concern is the
susceptibility of LLMs to generating hallucinations in the construction industry, where
incorrect outputs can lead to substantial economic losses and pose serious risks to the
health and safety of workers [6].

Building upon these implementation challenges, a clear research gap exists regarding
the systematic identification and prioritization of the drivers and barriers influencing LLM
adoption. To bridge this gap, several recent studies have sought to explore this domain.
Saka et al. [6] identified opportunities and limitations of GPT models in the construction
industry through literature review, expert discussions, and a case study. Similarly, Ghimire
et al. [33] outlined potential opportunities and challenges of applying LLMs in construction
based on bibliometric analysis and word-frequency mapping; however, they did not system-
atically categorize the influencing factors, which limits the clarity of how different factors
interact and affect the adoption of LLMs in construction, thereby constraining the depth
of analysis and obscuring the underlying mechanisms shaping these opportunities and
challenges. To address this gap, Heo and Na [34] employed the Unified Theory of Accep-
tance and Use of Technology (UTAUT) model to analyze key factors affecting construction
practitioners” adoption intention toward LLM-driven Al technologies, though their study
did not provide a comprehensive analysis of both drivers and barriers. In response, this
study takes China as a representative context and applies the entropy weight method
(EWM) to systematically identify the enablers and barriers to the application of LLMs in
the construction industry. Furthermore, it offers strategic implications for construction
companies and policymakers to facilitate effective integration of LLM technologies. The
remainder of the paper is organized as follows: Section 2 introduces LLMs, their related
technologies and applications in the construction industry. Section 3 outlines the research
methodology, conducted in four phases. Section 4 shows the analysis of the research
findings, while Section 5 offers a discussion of the results. Finally, Section 6 concludes the
paper and highlights potential directions for further research.

2. Literature Review
2.1. LLMs
LLMs are a category of language models that utilize neural networks with billions of

parameters, trained on enormous quantities of unlabeled text data using a self-supervised
learning approach [14]. The origins of LLMs can be traced to the emergence and evolution
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of neural network-based approaches in the field of Natural Language Processing (NLP) [35].
Statistical methods and n-gram models were among the earliest approaches to developing
language models [36], but they lacked the ability to comprehend semantics [37]. Since
then, researchers have focused on advancing neural network development and leveraging
larger datasets [17]. An important milestone was the creation of the Recurrent Neural
Network (RNN) [38], which enabled the modeling of sequential data, including language.
However, RNN faced limitations such as gradient vanishing and long-term dependen-
cies [39]. The advent of transformer architecture successfully addressed some of the key
shortcomings of RNN in handling sequential data. The transformer architecture, intro-
duced by Vaswani et al. [40] represents a paradigm shift in neural network design for
sequential data processing. While fundamentally operating within the supervised learning
framework during fine-tuning, transformers uniquely incorporate self-supervised learning
during the pre-training phase. Their novel self-attention mechanism dynamically com-
putes weighted relationships between all input elements simultaneously, overcoming the
positional constraints of previous recurrent architectures [40]. The architecture implements
an efficient two-stage training paradigm: (1) unsupervised pre-training on massive text cor-
pora using masked language modeling objectives, followed by (2) task-specific supervised
fine-tuning [41].

The transformer architecture has played a crucial role in the development of current
LLMs [41-43]. OpenAl’s GPT [41,42] and Google’s BERT [43] were foundational models
based on the Transformer. GPT adopts the decoder component of the Transformer ar-
chitecture and employs a unidirectional autoregressive prediction model that processes
information from left to right [41,42]. In contrast, BERT utilizes the encoder component
and adopts a bidirectional prediction model, incorporating both preceding and succeed-
ing contexts [43]. In 2023, Meta released the LLaMA model series, which optimized the
Transformer architecture and was trained on more extensive datasets, achieving significant
performance improvements. Building on LLaMA, researchers have developed derivative
models, such as Baichuan, incorporating optimizations for multilingual support and model
efficiency. Table 1 shows LLMs released in recent years.

Table 1. LLMs released in recent years.

Name Developer Release Year Access Reference
GPT-40 OpenAl 2024 API [44]
Claude 3.5 Anthropic 2024 API [45]
Gemini 1.5 Pro Google DeepMind 2024 API [46]
GPT-4 OpenAl 2023 API [47]
LLaMA 2 Meta 2023 Open source [48]
DALLE-3 OpenAl 2023 API [49]
Claude Anthropic 2023 Open source [50]
PalLM 2 Google 2023 Open source [51]
DALLE-2 OpenAl 2022 API [52]
Phenaki Google 2022 API [53]
Galactica Meta 2022 API [54]
AudioLM Google 2022 API [55]
Codex OpenAl 2021 API [56]
DALL-E OpenAl 2021 API [57]
AlphaTensor DeepMind 2021 Open source [58]

2.2. LLMs in the Construction Industry

The introduction of LLMs has unlocked new possibilities for optimizing workflows
and driving innovation in the construction industry [59]. Traditionally, a substantial portion
of construction workflows has been consumed by repetitive and time-intensive tasks, such
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as drafting, data analysis, and document preparation. With the advent of LLMs, these tasks
can now be automated or significantly accelerated, allowing professionals to shift their
focus toward creative and strategic activities [6]. Furthermore, the application of LLMs
across various stages of construction projects enhances efficiency and collaboration [6]. In
China, construction-specific LLMs encompassing the entire life cycle of a project have been
developed in recent years, with Table 2 showcasing several representative examples.

Table 2. Application of LLMs in China’s Construction Industry.

Name Developer Release Year Function
Shanghai Construction No. 4 . . .
ConstructionGPT (Group) Co., Ltd. 2024 Intelhgente(ﬁ &itnﬁei?r? lgiilj\l,igrfn; search for
(Shanghai, China) & & 8
Professional calculations, standardized
CivilGPT Tongji University 2024 queries, design optimization, teaching and
research, etc.
Data analysis and prediction, intelligent
AecGPT Glodon 2024 assisted design, construction simulation and
optimization, etc.
Zhuo Ling Vanyitech 2023 Intelligent Int.eract.1on betwe.en LLMs and
Engineering Drawings
Architectural auxiliary design, drawing
SiKong SiKong Society 2023 review guidance, comprehensive scoring,

environmental simulation, etc.

During the investment preparation phase, LLMs facilitate more effective collaboration
among stakeholders through real-time information analysis and forecasting [60]. In the de-
sign phase, LLMs can generate architectural visualizations based on specific requirements
and constraints [61]. Liao et al. [62] introduced StructGAN, a method designed to optimize
the structural design of high-rise shear-wall residential buildings. During the construction
phase, LLMs can assist with task identification and scheduling based on specific project
requirements [63]. Prieto et al. [64] conducted a study testing ChatGPT’s ability to generate
logical schedules and sequences that meet project demands. Users can access the model
through a user interface or API to query specific parameters of building components [64].
Moreover, LLMs demonstrate considerable potential in risk identification during construc-
tion project execution. As evidenced by Gundidza et al. [65], the implementation of GPT-4
architecture offers a novel methodology for predicting and classifying delay risk factors
in road construction projects. During the operation and maintenance phase, LLMs can
analyze historical data and sensor readings to identify potential failures, enabling mainte-
nance teams to take preventive measures and perform repairs or replacements at optimal
times [6]. Uddin et al. [66] conducted a study involving 42 construction project students to
investigate the impact of ChatGPT on hazard identification capabilities. Similarly, Smetana
et al. [67] utilized OpenAl’s GPT-3.5 model to enhance text-based event analysis in the
context of highway construction safety, using data from the OSHA Severe Injury Report
(SIR) database.

2.3. Drivers and Barriers to the Application of LLMs in the Construction Industry

To the best of the authors” knowledge, the literature on the drivers and barriers to the
application of LLMs specifically in the construction industry is rather limited. However,
studies on the general limitations of LLMs offer insights into potential challenges and
opportunities relevant to their adoption in this sector. For instance, LLMs are prone to



Buildings 2025, 15, 4296

6 of 25

hallucinations, producing inaccurate or misleading information, which undermines system
performance and fails to meet user expectations [68]. In terms of data, fine-tuning LLMs
requires structured datasets, which are often difficult to obtain in the construction industry.
Additionally, construction datasets come in various formats, and ensuring interoperability
among these datasets incurs significant costs [69]. On the security front, concerns over
data breaches and cyberattacks remain critical issues [70]. From a financial perspective,
the high upfront investment required to implement LLMs poses a significant challenge
for companies [71]. Moreover, workers are often skeptical about their effectiveness and
lack a clear understanding of the extent to which these models have been adopted [59].
Despite these insights, existing research lacks a systematic analysis of the drivers and
barriers specific to LLMs in the construction industry. This gap makes it difficult to develop
targeted strategies to address these challenges and effectively leverage the potential benefits
of LLMs.

3. Methodology

This study employs a quantitative research approach and takes China as a case study
to explore the drivers and barriers influencing the application of LLMs in the construction
industry through a questionnaire survey. China is selected as it witnesses the rapid adoption
of over 200 domain-specific LLMs, making it a suitable subject for such research and
investigation. Moreover, China is the largest construction contractor in the world [72],
indicating significant potential and value of implementing Al techniques such as LLMs.
This study adopts a systematic four-step research framework, including the identification
of influencing factors, questionnaire design, data collection, and data analysis, as shown in
Figure 2.
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Figure 2. Methodological framework.
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3.1. Identification of Influencing Factors

According to Grant et al. [71], a literature review serves as a foundational method for
synthesizing prior research and consolidating existing knowledge. Through this approach,
this study systematically identifies key drivers and barriers that may influence the adoption
of LLMs in the construction industry. The analysis reveals 17 drivers and 19 barriers (see
Table 3). Drivers are systematically categorized into five levels. At the “Company (DA)”
level, corporate governance and strategic implementation capabilities are important factors
influencing the adoption of LLMs. The “Value creation (DB)”-level drivers highlight how
LLMs create value for construction companies by enhancing operational efficiency, improv-
ing decision-making, and reducing costs. The “Technology (DC)”-level drivers investigate
the critical importance of sustained technical innovation, supporting digital ecosystems,
and developmental frameworks for effective LLM implementation. Within the “Safety
and regulations (DD)” level, cybersecurity protocols, policy frameworks, and compliance
mechanisms emerge as essential safeguards for ethical and secure LLM deployment. Lastly,
the “Service (DE)”-level drivers demonstrate that end-user experience may also influence
organizational adoption patterns of LLM solutions. Barriers are systematically categorized
into four levels. The “Domain-specific (construction industry) (BA)”-level barriers explore
the role of domain-specific challenges play in the adoption of LLMs in the construction
industry. The “Technology (BB)”-level barriers reflect inherent limitations in current LLM
architectures and infrastructure that constrain their practical applicability. The “Adoption
(BC)”-level barriers capture organizational and operational difficulties encountered during
actual implementation within construction firms. In the end, the “Ethical (BD)”-level
barriers encompass critical concerns regarding data privacy, model security, and potential
misuse scenarios specific to construction applications.

Table 3. Identified drivers and barriers to the application of LLMs in the Construction Industry.

Primary Factor =~ Code Sub-Factor Description References
Drivers
Having research and Some construction companies already have Al
DA1 [6,73,74]
development teams research and development teams
DA2  Staff training Employees receive training on LLMs, Al, and [6,73,75,76]
Company other knowledge
(Factor D1) Collaborate with advanced Collaborate with advanced technology companies
DA3 . . [77]
technology companies such as Baidu and Tencent
Robust performance The company’s performance monitoring and
DA4 o . . . . [73]
monitoring and evaluation evaluation system is well-established
.. Improve efficiency, simplify operations, increase
DB1  Improve work efficiency productivity, and automate tasks [12,77-79]
DB2  Provide technical assistance Assist employees, V1rtu§1 .as51stants, train and guide [77,78,80]
. technology to make decisions faster
Value creation
(Factor D2) DB3  Improve product quality Accurate model re.s.ults, improved quality, and [77,80-82]
enhanced competitive advantage
DB4  Cost reduction Based on pre;chchon and reducing human errors, the 78]
cost of repetitive work can be reduced
DB5  Sustained demand Sustainable processes that meet business needs [59,78]
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Table 3. Cont.
Primary Factor =~ Code Sub-Factor Description References
Aleorithm and The algorithms and models of LLMs are
DC1 mf el optimization continuously optimized to make their applicationin  [12,76,82]
P the construction industry more precise and efficient
TECh?OIODg:Sy DC2 Software and Research and development of software and hardware [6]
(Factor D3) hardware support related to LLMs in the construction industry
. The application of LLMs in the construction industry
DC3 Ecological structure requires the construction of a complete ecosystem [17]
Network security measures such as fraud detection,
DD1  Network security measures anomaly detection, and threat prediction are [12,77,83]
Safety and implemented to ensure the safety of work
regulations DD2  Introduce policies Introduce policies to clarify the compliance [77]
(Factor D4) p of management
DD3 Supervision by Regulatory authorities oversee the [76,77]
regulatory authorities network environment !
Service DE1  24/7 Response Supports 24/7 access with fast response times [76,78,81]
(Factor D5) DE2  Personalization Provide personalized services to customers [12,77,81,84]
Barriers
Requirement for The knowledge of architecture is complex, and a
BA1  construction- large amount of professional knowledge cannot be [81,85]
specific knowledge encoded by machines
BA2 Handling unstructured and Building data exists in various, unstructured formats, [81,36]
. heterogeneous data making it difficult to process !
Domain & & P
specific Lack of Most construction companies have not processed
(construction BA3 laree-curated datasets their project data into a format that can be used to [12,65,81,87]
industry) & train LLMs
(Factor D1) Building d. ; it cionifi
e g datasets typically exhibit significant
BA4  Bias in existing datasets regional biases [81]
Not yet integrated with construction management
BA5 Integration with workflows workflows, such as construction cost management, [6,81]
schedule management, quality management, etc.
BB1 ?fgii;nsitg?éﬁgénd Model instability and training difficulties [81]
BB2 Computational The demand for computility, model size, and model [81,88]
resource requirements quality has increased !
Evaluating quality often relies on subjective manual
BB3  Assessing outout qualit review by domain experts, and developing and [81]
Technology & outputq y integrating better quality assurance techniques is
(Factor D2) crucial for building LLMs
BB4 Potential for hallucination The model generates information that is not factual [79,83,38]
and factual inconsistencies or unfounded T
s Professionals are unable to understand the intention
BB5  Lack of explainability or principle behind the model results [76,81,83,87]
BB6 Adaptation to Compatible with specific systems (such as the [89]

specific systems

domestic Kirin system)
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Table 3. Cont.
Primary Factor =~ Code Sub-Factor Description References
. Construction companies rely heavily on established
Resistance to
BC1 . processes and work methods, and managers are [81,87]
new technologies o . -
unwilling to modify or replace traditional models
BC2  Lack of skills and expertise Const'ructlon companies lack relevant [81,87]
technical talents
Adoption Hi
gh upfront TR . .
(Factor D3) BC3 investment costs The initial investment cost for applying LLMs is high  [81,87]
Undlear governance The introduction of risk management frameworks
BC4 & and technical standards lags behind the rapid [81]
frameworks
development of LLMs
BC5 Code controllability Code controllability requirements, such as requiring [90]
requirements source code, may face resistance from developers
BD1  Data privacy and security Privacy information leakage [87,88]
Ethical BD2  Social concerns Society’s concerns about. automated work, suc.h as [81]
construction workers being replaced by machines
(Factor D4)
BD3  Potential for misuse Model abuse, generating content that violates laws, [81,83,38]

regulations, and ethical principles

The differential categorization stems from distinct literature foundations: (1) Barriers
were derived exclusively from construction-specific LLM studies, reflecting the industry’s
unique technological and operational constraints; (2) Drivers were extrapolated from cross-
sector evidence (e.g., finance, healthcare) due to the paucity of construction-focused driver
studies—existing literature predominantly discusses applications, limitations, and future
directions rather than adoption enablers. This dual approach ensures comprehensive
coverage while acknowledging the nascent stage of domain-specific LLM research. The
cross-industry driver framework was carefully adapted through expert validation to ensure
construction relevance.

It is noteworthy that our analysis has identified several drivers and barriers that
are associated with the technical characteristics of LLMs, distinguishing them from con-
ventional digital transformation factors in the construction industry. These LLM-specific
determinants—including but not limited to “Algorithm and model optimization (DC1)”
and “Model instability and training difficulties (BB1)”—were systematically identified
through: (1) Comprehensive literature review: A rigorous examination of LLM-related
studies and construction digitalization research; (2) Empirical case analysis: In-depth eval-
uation of practical LLM implementations in construction projects. This dual-validation
approach ensures that the identified factors are both theoretically grounded and practically
relevant, thereby establishing a specialized framework for analyzing drivers and barriers
to the application of LLMs in the construction industry.

3.2. Questionnaire Design

The questionnaire is designed based on the influencing factors identified through the
literature review, consisting of three sections. The first section collects basic demographic
information about the respondents, including gender, education level, job position, and
years of work experience. The second section evaluates respondents” willingness to adopt
LLMs in the construction industry by assessing their attitudes toward LLM applications
using a scale ranging from “very optimistic” to “very pessimistic”. The third section
investigates the importance of each identified factor influencing the adoption of LLMs in the
construction industry, using a five-point Likert scale, where higher values indicate greater
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importance. Specifically, “1” represents “very unimportant,” “2” represents “unimportant,”
“3” represents “neutral,” “4” represents “important,” and “5” represents “very important”.

3.3. Data Collection

This study conducts a survey between October and December 2024, distributing
300 questionnaires and receiving 106 responses, with 98 valid. Respondents in this study
are all engineering and construction professionals from regions such as Beijing, Shanghai,
Guangdong, and Chongqing, including personnel at junior, middle, and senior levels of
both management and technical roles. According to Akintoye [91], the typical survey
validity rate in construction research ranges from 20% to 30%, which in this study is
32.7%, exceeding the average and indicating an acceptable response rate. Furthermore, the
effective recovery rate is 92.5%, suggesting reliable results for further analysis.

3.4. Data Analysis

The collected data are analyzed using the Statistical Package for the Social Science
(SPSS 25) through a four-step approach, including descriptive statistics, reliability and
validity assessment, confirmatory factor analysis (CFA), and weight analysis.

3.4.1. Descriptive Statistics Analysis

Prior to data analysis, the collected questionnaires are first screened by removing in-
valid responses and coding the valid ones. Subsequently, descriptive statistics (frequencies
and percentages) are used to analyze respondents’ demographic backgrounds and their
willingness to adopt LLMs.

3.4.2. Validation Strategy for Questionnaire Data
(1) Reliability and validity analysis

Before examining the significance of the drivers and barriers influencing the appli-
cation of LLMs in the construction industry, reliability and validity analyses of the ques-
tionnaire are conducted. Reliability analysis evaluates the stability and consistency of the
results measured by the questionnaire scales, ensuring their reliability and credibility [92].
In this study, Cronbach’s alpha is used to assess whether the items collectively measure the
same dimension, with values ranging from 0 to 1. A coefficient closer to 1.0 indicates higher
internal consistency among the items [92]. Validity analysis assesses the effectiveness and
appropriateness of the questionnaire, specifically examining whether the design of the
questionnaire items is reasonable [93]. For this purpose, the Kaiser-Meyer-Olkin (KMO)
test and Bartlett’s test of sphericity are applied to evaluate the factorability of the data. The
KMO measure requires values above 0.60 as the minimum threshold for factor analysis
adequacy, while Bartlett’s test needs to demonstrate statistical significance (p < 0.05) to
reject the null hypothesis of an identity correlation matrix [94,95].

(2) CFA method for evaluating the reasonability of questionnaire design

As the questionnaire design categorizes the influencing factors based on the literature
review, a CFA is separately conducted to investigate whether the design of the influencing
factors in the questionnaire is reasonable. Average Variance Extracted (AVE) and Construct
Reliability (CR) methods are employed for such analysis, as they are widely used to assess
the convergent validity and internal consistency of the measurement model [96]. Based on
the AVE and CR results, the degree of extraction for the measurement indicators within
each factor is assessed. Generally, an AVE greater than 0.5 is considered acceptable, with
values closer to 1 indicating higher extraction levels for the measurement indicators, while
CR values greater than 0.7 are required [96].
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3.4.3. Weight Analysis for Determining the Importance of Influencing Factors

Common methods used for this purpose include the Delphi method, Principal Com-
ponent Analysis (PCA), Analytic Hierarchy Process (AHP), and Entropy Weight Method
(EWM) [97-99]. The Delphi method is employed to gather expert consensus on complex
issues, particularly useful for handling uncertain or incomplete information as it leverages
the collective wisdom of experts. However, the effectiveness of this method depends
on the quality and diversity of the experts, and there is a risk of subjective bias [100].
PCA is widely used to reduce dimensionality and identify the most significant factors by
transforming the original variables into principal components, particularly advantageous
for pattern recognition in large datasets. However, the results of PCA can sometimes be
difficult to interpret and are sensitive to the assumption of data normality [101]. AHP
excels in handling qualitative data and is particularly suited for decision-making involving
expert judgment. However, the results may be subjective, as they heavily rely on expert
opinions [102]. In contrast to PCA and AHP, the EWM can handle large datasets and
does not depend on subjective expert input. It allocates weights to factors based on the
entropy calculation of each factor, ensuring that those with higher informational value are
assigned higher weights [103,104]. Furthermore, EWM enables us to directly assess the
relative importance of each factor, which is crucial for our study. Therefore, we chose the
EWM to analyze the importance of the drivers and barriers of LLM applications in the
construction industry.

4. Results

4.1. Descriptive Statistics Analysis
4.1.1. Demographic Characteristics of the Respondents

This section summarizes the demographic characteristics of the respondents, including
gender, educational background, job position, years of experience in construction projects
and their respective stages, understanding level with LLMs, as well as the size of the
company and the degree of application of LLMs in the company. Figure 3 shows that
the majority of respondents are male, accounting for 86.7%. Additionally, 97% of the
respondents hold a bachelor’s degree or higher, reflecting the overall high level of education
among professionals in China’s construction industry. Regarding job positions, 68.4% of
respondents are in management roles, while 31.6% are technical staff or hold other positions.
Among the respondents, 56.1% have more than three years of work experience. In terms of
company size, the sample is predominantly composed of employees from large companies,
accounting for 60.2% of the total. Regarding company type, the majority of respondents
work in construction companies (45.9%), followed by design and consulting companies
(28.6%), construction supervision companies (12.2%), and real estate companies (13.3%).
This distribution enhances the representativeness of the sample across key segments of the
construction industry.

Concerning the application of LLMs, the data shows that only 36.7% of respondents
are familiar with and have participated in actual LLM applications in construction projects.
Additionally, 73.5% of respondents” companies have not yet applied LLMs or have only
made preliminary attempts to use them. This suggests that, although the potential of LLMs
in the construction industry is recognized, their practical adoption and implementation are
still in the early stages.
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Figure 3. (a) Gender; (b) Highest education; (c) Position; (d) Years of work; (e) Size of company;
(f) Type of company.

4.1.2. Respondents” Willingness to Adopt LLMs

According to Figure 4, 73.5% of respondents believe that the future prospects of
applying LLMs in the construction industry are optimistic, and 89.8% of respondents are
willing to participate in training and exchange activities related to the application of LLMs.
Additionally, 92.9% of respondents support increased investment by companies in the
application of LLMs in the future. The majority of respondents (91.9%) believe that the
application of large models will drive the digital transformation of the industry.

In the assessment of the demand for LLMs across different phases of construction,
78.6% of respondents believe that the preparation phase of construction requires the most
support from LLMs, while 74.5% consider the design phase as the critical period for LLM
applications. Additionally, 60.2% of respondents think that the construction phase requires
the most support from LLMs. In contrast, few respondents believe that the operation and
maintenance phase (37.8%) and the demolition phase (26.5%) require support from LLMs.

4.2. Validation Strategy for Questionnaire Data
4.2.1. Reliability and Validity Analysis

This study uses Cronbach’s alpha coefficient method to conduct reliability analysis
on the collected questionnaire data, with the results presented in Table 4. The Cronbach’s
alpha is 0.964 for the drivers and 0.957 for the barriers, indicating excellent reliability of
the questionnaire.

According to Table 5, the KMO value is 0.921 for the drivers and 0.898 for the barriers,
both of which exceed the suggested threshold of 0.60, indicating that the data are suitable
for factor analysis. Furthermore, Bartlett’s test of sphericity values for both the drivers and
barriers are 0.000, which is less than 0.05. This indicates that the correlation matrix of the
variables in the dataset significantly diverges from the identity matrix, suggesting that a
data reduction technique such as factor analysis is suitable to use.
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Figure 4. (a) Intention to apply LLMs; (b) The phase that requires LLMs support the most (Multi-
ple choices).

Table 4. Cronbach’s alpha coefficient.

Study Variables Cronbach’s Alpha N of Items
Drivers 0.964 17
Barriers 0.957 19
Table 5. Results of the KMO and Bartlett’s test of sphericity.
Drivers Barriers
Kaiser-Meyer-Olkin Measure of Kaiser-Meyer-Olkin Measure of
. 0.921 . 0.898
Sampling Adequacy. Sampling Adequacy.
Bartlett’s Test Approx. Chi-Square 1687.635 Bartlett’s Test Approx. Chi-Square  1722.260
of Sphericit d 136 of Sphericit d 171
P y Sig. 0.000 p y Sig. 0.000

4.2.2. CFA Results for Evaluating the Reasonability of Questionnaire Design

According to Table 6, the values of AVE and CR for the factors of drivers and barriers
generally meet the acceptable thresholds, indicating good convergent validity and reliability.
All factors exhibit AVE values above 0.5, with Service (Factor 5) of drivers showing the
highest AVE of 0.867, suggesting strong explanatory power. Similarly, the CR values for all
factors exceed the recommended threshold of 0.7, with Service (Factor 5) of drivers and
Domain-specific (Factor 1) of barriers showing excellent reliability (CR = 0.928 and 0.925,
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respectively). The results of the CFA demonstrate that the design of the five types of drivers
and four types of barriers in the questionnaire exhibits high validity and reliability.

Table 6. Values of AVE and CR.

AVE CR AVE CR
Drivers Barriers
Drivers Barriers
Company 0.687 0.897 Domain-specific 0.712 0.925
Value creation 0.708 0.923 Technology 0.572 0.889
Technology 0.805 0.924 Adoption 0.641 0.899
Safety and regulations ~ 0.771 091 Ethical 0.652 0.849
Service 0.867 0.928

4.3. Weight Analysis for Determining the Importance of Influencing Factors

Figure 5 illustrates the importance levels of various drivers and barriers, determined
using the EWM. The top three most important drivers are: “Collaborating with advanced
technology companies (DA3)”, “Having research and development teams (DA1)”, and
“Staff training (DA2)”. This indicates that the “Company (DA)” level plays the most
significant role in promoting the application of LLMs in the construction industry. The
second most important driver category is at the “Safety and Regulations (DD)” level, with
“Supervision by regulatory authorities (DD3)” being the most significant driver within this
category. Following closely is the “Service (DE)” level category, where the most critical
driver is “24/7 Response (DE1)”. Additionally, the “Technology (DC)” level also presents
a relatively important driver category, with “Algorithm and model optimization (DC1)”
identified as its key driver. In contrast, the “Value Creation (DB)” level exhibits a lower
overall importance, with “Cost reduction (DB4)” being the least significant factor.
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Figure 5. (a) Weight of drivers; (b) Weight of barriers.

The top three most important barriers are: “Requirement for construction-specific
knowledge (BA1)”, “Integration with workflows (BA5)”, and “Handling unstructured
and heterogeneous data (BA2)”. This indicates that the “Domain-specific (construction
industry) (BA)” level plays the most significant role in hindering the application of LLMs
in the construction industry. The second most important category of barriers is found at
the “Adoption (BC)” level, with “High upfront investment costs (BC3)” identified as the
most significant barrier within this category. Following this, the “Technology (BB)” level
is the next most important category, where “Computational resource requirements (BB2)”
stands out as its key barrier. The barriers at the “Ethical level (BD)” generally hold lower
significance, with “Social concerns about job automation (BD2)” and “Potential for misuse
(BD3)” being the least important.
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5. Discussion

Using the EWM, this study identified the relative importance of various drivers and
barriers to LLM adoption in construction. The following sections discuss these findings,
their implications, and provide recommendations.

5.1. Drivers to the Application

The EWM analysis identified the top three drivers as “Collaborate with advanced
technology companies (DA3)”, “Having research and development teams (DA1)”, and
“Staff training (DA2)”. As all are company-level factors, this underscores the central role
of corporate strategy and organizational capabilities in driving LLM adoption, a finding
consistent with existing literature [105,106]. As the primary driver, “Collaborate with
advanced technology companies (DA3)” highlights the value of external partnerships. For
a traditionally less digitalized industry, such collaboration provides access to cutting-edge
tools and knowledge, allowing firms to leverage advanced LLMs without the time and cost
of in-house development—a pattern also observed during earlier BIM adoption [107,108].

“Having research and development teams (DA1)” enables construction firms to cus-
tomize and adapt emerging technologies to their specific operational requirements. For
example, from the late 1980s to the early 2000s, many Japanese construction companies ini-
tiated a surge of research and applications on automated construction systems, proposing
different versions of systems [109]. “Staff training (DA2)” is another key driving factor in
increasing technology adoption rates. Pan et al. explored the vocational training of con-
struction workers in Guangdong Province of China and identified its position in the global
political-economic spectrum of skill formation [110]. These findings are consistent with
research on the Technology Organization Environment (TOE) framework [111], confirming
that “Having research and development teams (DA1)” and “Staff training (DA2)” are the
two key drivers for the successful application of LLMs in the construction industry.

The prominence of “Algorithm and model optimization (DC1)” as the primary driver
at the “Technology (DC)” level underscores the critical role of continuously improving
the accuracy, efficiency, and applicability of LLMs. In the construction industry, projects
often involve complex and dynamic environments, making the ability of LLMs to provide
accurate and reliable results essential. Algorithm and model optimization can enhance the
performance of LLMs by improving their ability to process large volumes of data, adapt to
specific construction-related tasks, and provide actionable insights. This finding is consis-
tent with existing literature, which emphasizes the role of algorithmic advancements in
driving the adoption of Al technologies [112,113]. For example, Demiss et al. [113] proposed
an advanced hybrid deep learning architecture integrating convolutional neural networks
(CNN) and recurrent neural networks (RNN). This model effectively addresses the inherent
ambiguity and imprecision in construction duration estimation, thereby enabling more
nuanced and adaptive project management practices [113].

The “Safety and regulations (DD)” level represents another crucial category in our
driver’s framework, particularly given the construction industry’s stringent compliance
requirements and risk sensitivity. The most important driver in the Safety and regulations
(DD) level is “Supervision by regulatory authorities (DD3)”. The construction industry’s in-
herent risk sensitivity and complex stakeholder ecosystem make “Supervision by regulatory
authorities (DD3)” particularly critical for LLM adoption in China. Unlike sectors where Al
errors may cause reversible damage, construction projects face irreversible consequences
from model hallucinations in critical areas like structural calculations, security evaluations,
and contractual interpretations. This finding is consistent with existing literature, which
emphasizes the role of regulatory frameworks in promoting the adoption of Al technolo-
gies [76,77,114]. For example, studies have shown that industries with strong regulatory
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oversight are more likely to adopt Al technologies, as they provide clear frameworks for
compliance and risk management [114].

Our findings reveal that the “Value Creation (DB)”-level drivers demonstrate rela-
tively lower importance weights than other levels, showing nuanced discrepancies from
prior research. For example, while existing literature frequently emphasizes “Cost reduc-
tion (DB4)” as a major driver of Al adoption in the construction industry [78], our analysis
places it at a lower level of importance. This difference may be attributed to the substantial
upfront investment required for adopting LLMs, which includes not only technology but
also training, data preparation, and infrastructure. Therefore, companies may view cost
reduction as a long-term outcome rather than an immediate short-term financial benefit. In
contrast, companies may focus more on optimizing processes and improving quality in
the short term, with cost savings becoming more apparent as the technology matures and
gradually integrates into daily operations. Furthermore, the study revealed that while the
“Service (DE)”-level drivers ranked prominently in aggregate importance, their constituent
factors exhibited relatively moderate individual significance. This phenomenon may stem
from the fact that “Service (DE)”-level drivers are predominantly perceived as fundamental
operational requirements rather than differentiating competitive advantages within the
construction industry context.

5.2. Barriers to the Application

The top three barriers—“Requirement for construction-specific knowledge (BA1)”,
“Integration with workflows (BA5)”, and “Handling unstructured and heterogeneous data
(BA2)”—are all domain-specific, underscoring the complexity of applying LLMs in this
knowledge-intensive field. “Requirement for construction-specific knowledge (BA1)” is the
most significant barrier, reflecting the difficulty in encoding the vast and intricate knowl-
edge required for construction projects. Construction projects involve a wide range of
specialized knowledge, including architectural design, engineering principles, regulatory
compliance, and project management practices. This knowledge is often contextual, expe-
riential, and difficult to quantify, making it challenging for LLMs to accurately interpret
and apply it. This finding aligns with existing literature, which highlights the challenges of
applying Al technologies in fields with high levels of specialized knowledge [81,85].

“Integration with workflows (BA5)” and “Handling unstructured and heterogeneous
data (BA2)” are also key barriers. Currently, the application of LLMs in the construction
industry remains limited to basic functions such as Q & A and image generation, failing to
integrate with core construction management workflows including cost control, schedule
management, and quality assurance. This disconnection significantly hinders their broader
adoption and practical implementation [81]. The reason for this phenomenon is that LLMs
are pretrained in general language tasks rather than construction-specific processes like
schedule optimization or cost estimation, creating a fundamental capability gap.

Moreover, the diverse and non-standardized nature of engineering project data—
encompassing design blueprints, sensor readings, progress reports, and other heteroge-
neous formats presents substantial challenges for effective LLM deployment in real-world
construction scenarios [81]. Several factors contribute to this issue: First, the inherent differ-
ence between the data formats in engineering projects and the standardized text and image
data typically used for training LLMs plays a significant role. LLMs are generally trained on
structured datasets such as news articles, social media posts, and formal documents, which
exhibit a relatively simple and consistent structure. In contrast, engineering data includes a
variety of specialized formats, such as blueprints, specifications, and progress tables, often
containing industry-specific terminology, graphics, and tabular data. As these types of
data were not sufficiently represented in the model’s training process, the model struggles
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to comprehend and extract valuable insights from engineering-related data, leading to a
reduction in performance when deployed in such contexts. Additionally, the large volume
of engineering data, combined with its low information density, exacerbates the issue. For
instance, a document such as a several-hundred-page standard may contain only a small
fraction of relevant information for a given task. While the entire document needs to be
processed by the model, the majority of the content may not be immediately relevant to
the specific query or task at hand. This challenge is further compounded by the model’s
requirement to read through and comprehend long texts, which not only increases compu-
tational load but also hampers the model’s ability to focus on and extract key information
effectively. Consequently, the presence of excessive and irrelevant data in long-form texts
impairs the model’s ability to identify and leverage the most valuable information, thus
affecting the overall model performance.

The most significant barrier at the “Adoption (BC)” level is “High upfront investment
costs (BC3)”, which aligns with existing research and reflects the substantial financial re-
sources required to implement LLMs in the construction industry [81,87]. Adopting LLMs
typically involves significant costs, including purchasing hardware and software, develop-
ing custom models, and training staff. For many construction companies, particularly small
and medium-sized enterprises (SMEs), these costs may be prohibitive, making it difficult
to justify the investment in LLMs. The second most significant barrier is “Resistance to
new technologies (BC1)”. The construction industry is traditionally conservative, and
many companies are hesitant to adopt new technologies that may disrupt their existing
workflows or require significant operational changes [81,87]. A similar barrier has also
been observed in previous technology adoptions, such as BIM [115]. Such resistance is
particularly strong among managers and decision-makers who are unfamiliar with the
potential benefits of LLMs.

According to the EWM analysis, “Computational resource requirements (BB2)” have
been identified as the most significant barrier at the “Technology (BB)” level, indicating that
the computing infrastructure required for LLMs is a key limiting factor in their adoption.
Due to their large-scale models and complex algorithms, LLMs require substantial com-
putational power, especially in data processing, model training, and running large-scale
simulations. In the construction industry, many companies lack the necessary infrastructure
to support such high computational demands. This represents a significant barrier to the
adoption of LLMs, as companies must invest in upgrading their IT systems, purchasing
powerful hardware, and potentially managing high power consumption—all of which are
substantial costs for companies that have not yet fully digitized [81,88]. It is interesting
to find that our results diverge from prior literature regarding barriers, particularly in the
relative importance of model hallucinations. Notably, our findings on barriers diverge
from prior literature concerning model hallucinations, which we found to be a secondary
concern [85,88,92]. This discrepancy likely stems from the industry’s early adoption stage,
where practitioners are more immediately focused on foundational challenges like data inte-
gration. Furthermore, most respondents lacked direct experience with construction-specific
LLMs, limiting their awareness of hallucination risks. However, as LLM use matures, the
significance of this barrier will likely increase.

The “Ethical (BD)” level includes three barriers: “Data privacy and security (BD1)”,
“Social concerns about job automation (BD2)”, and “Potential for misuse (BD3)”. Although
previous literature has discussed the importance of ethical factors [81,87,88], the analysis
shows that, compared to barriers in other categories, these factors have a lower weight.
Many construction companies, when adopting LLMs, focus primarily on addressing more
immediate and practical challenges, such as integrating the technology into existing work-
flows, ensuring data compatibility, and meeting the computational demands required
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for efficient LLM operation. While ethical concerns are important, they are often seen as
secondary, especially in the early stages of LLM adoption. Furthermore, the urgency to
achieve measurable business outcomes, such as improved efficiency and cost reduction,
often overshadows concerns about ethical issues.

5.3. Implications for Corporate Transformation and Policy-Making

For construction companies, the findings underscore the need to cultivate internal
capabilities (“Having research and development teams (DA1)” and “Staff training (DA2)”)
while pursuing strategic partnerships (“Collaborate with advanced technology companies
(DA3)”). Such strategic partnerships not only enable the direct acquisition of advanced LLM
capabilities but also mitigate the risks associated with internal development, especially
in the early stages of adoption. To enhance these capabilities, construction companies
can leverage “industry-academia-research collaboration” models. For instance, through
partnerships with universities or research institutes, companies can outsource early-stage
research and development tasks, thus reducing costs while simultaneously benefiting from
the specialized knowledge and expertise of academic institutions. These collaborations
can also extend to staff training, with research institutions providing targeted training for
the construction company’s technical personnel. This approach ensures that internal staff
can keep pace with advancements in LLM technology, while also fostering a knowledge
exchange that supports long-term growth.

Additionally, during the initial phases of adopting LLMs, construction companies may
focus on hiring a core team of developers responsible for the algorithm’s implementation
and product development. This allows companies to ensure the operational viability of
LLMs with relatively low upfront costs. In the longer term, once the benefits of LLMs are
realized, companies can gradually build their in-house Al teams, supported by training
from academic and research institutions. By adopting this approach, construction firms can
ensure the continuous improvement of their capabilities while enhancing the adoption and
integration of LLMs into their operations. By aligning these drivers—“Having research
and development teams (DA1)”, “Staff training (DA2)”, and “Collaborating with advanced
technology companies (DA3)”—with their organizational strategy, construction companies
can accelerate the adoption of LLMs and fully integrate these technologies into their
operations, thereby enhancing efficiency, decision-making, and overall competitiveness.

“Computational resource requirements (BB2)” represent a significant barrier, indicat-
ing that construction companies must invest in upgrading their technological infrastructure.
Given the unique and often unstructured nature of construction data, such as DWG, IFC,
and other industry-specific formats, customized parsing methods are essential to trans-
form raw, “unclean” data into clean, usable information. Moreover, the challenge of
handling vast amounts of data and bridging the knowledge gap in the construction do-
main necessitates advanced techniques, such as Retrieval-Augmented Generation (RAG),
to collaboratively enhance LLMs. By integrating these technologies, companies can not
only optimize the processing of construction-specific data but also ensure the efficient and
accurate deployment of LLMs. Additionally, exploring cloud-based solutions or forming
strategic partnerships with technology providers specializing in Al and computational
resources can further mitigate the impact of these barriers, thereby facilitating the broader
adoption of LLMs in the construction industry.

Companies should also address the challenge of “Integration with workflows (BA5)”
to facilitate the seamless adoption of LLMs into daily operations. To achieve this, it is
essential to explore the implementation of intelligent agents or Model Context Protocol
(MCP)-based systems. These frameworks enable the integration of existing management
tools—such as cost estimation, scheduling, and resource allocation systems—by allowing
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LLMs to interact with these tools through structured protocols, rather than relying on LLMs
to generate all outputs independently. By leveraging such systems, companies can enhance
the efficiency and accuracy of LLM applications, ensuring they complement and augment
existing workflows rather than disrupting them.

For policymakers, to facilitate the adoption of LLMs in the construction industry, they
should consider providing financial incentives, such as subsidies or tax breaks, to support
the substantial upfront costs associated with Al adoption. For instance, Shenzhen provides
a subsidy of up to 10 million yuan (approximately 1.5 million USD) for demonstration
projects in the application of Al. Additionally, Shenzhen has established an Al Industry In-
vestment Fund to guide social capital toward entrepreneurial enterprises and high-quality
projects within the Al sector. In Beijing, an annual allocation of 100 million yuan (approxi-
mately 15 million USD) in computing power vouchers is available for companies to apply
for and use for computing resource rental. Meanwhile, Hangzhou annually selects no more
than 10 outstanding specialized models with advanced performance that have been suc-
cessfully implemented in the city, offering subsidies of up to 5 million yuan (approximately
750,000 USD) per project. Additionally, policymakers should work to establish clear regula-
tory frameworks to address ethical issues such as data privacy, security, and the potential
misuse of Al technologies. In 2024, China released the “Guidelines for the Construction of
a National Comprehensive Standardization System for the Artificial Intelligence Industry,”
aiming to promote the standardization of the Al industry. The guidelines seek to establish
unified standards to regulate Al products and services. However, they should also provide
construction companies with clear guidelines on how to ensure compliance with data
protection laws and the ethical use of LLMs.

5.4. Broader Implications for LLM Adoption Across Industries

The drivers and barriers identified in this study transcend the construction industry,
offering transferable insights for LLM adoption in other industries. The critical role of
organizational capabilities (e.g., R & D teams, staff training) and strategic partnerships also
mirrors findings from manufacturing [116] and healthcare [117], indicating that internal
expertise and collaboration with technology providers are generally pivotal for scaling
Al solutions. Similarly, “Integration with workflows (BA5)” resonates with challenges
observed in the logistics industry [118,119], suggesting that industries reliant on legacy
systems face analogous hurdles in embedding LLMs into operational processes. Relevant
recommendations proposed in this study, such as collaborating with R & D teams and
technology providers, implementing tailored staff training, and leveraging domain-specific
expertise, could therefore be widely applied in broader industries.

Moreover, the “Technology (DC)”-level barriers are pervasive across industries. For
instance, the energy industry’s adoption of LLMs for predictive maintenance similarly grap-
ples with high computational costs and model customization needs [120], while the legal
industry’s use of LLMs for contract analysis faces parallel challenges in handling unstruc-
tured data [121]. These commonalities underscore that while industry-specific adaptations
are necessary, core technological prerequisites for LLM adoption are broadly applicable.

6. Conclusions

The application of LLMs in the construction industry improves project management
through enhanced efficiency and intelligent decision-making capabilities. While LLMs
demonstrate significant potential in this domain, their adoption faces several challenges.
This study systematically analyzes the drivers and barriers to LLM adoption in China’s con-
struction industry, aiming to facilitate more effective implementation. A four-step method-
ology is adopted, comprising a comprehensive literature review, structured questionnaire
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design, questionnaire distribution, and quantitative analysis. The findings indicate that
the top three drivers are at the company level, highlighting the crucial role that companies
play in LLM application in the construction industry. Conversely, the top three barriers
are at the domain-specific (construction industry) level, emphasizing that industry-specific
challenges are pivotal in the adoption of LLMs. Furthermore, the study reveals that the
majority of respondents are optimistic about the application of LLMs in the construction
industry, although their actual implementation and use remain in the early stages. For ex-
ample, during the design phase, LLMs can assist in generating architectural visualizations
or exploring alternative design options in response to textual prompts. However, such
tools should be regarded as creative aids rather than replacements—the architect’s interpre-
tive and imaginative role remains essential and irreplaceable in the conceptualization of
architectural design.

This study provides both theoretical and practical contributions to understanding
the adoption of LLMs in the construction industry. Theoretically, it proposes a structured
framework that categorizes the key drivers and barriers shaping LLM adoption, integrating
LLM-specific technological attributes with cross-sectoral insights from digital transfor-
mation research. This framework bridges emerging Al capabilities with domain-specific
challenges that remain underexplored in the existing literature. Practically, the empirical
results yield actionable recommendations for construction firms and policymakers, offering
targeted strategies to overcome implementation barriers and facilitate technology adoption.
These insights create a robust foundation for future research while delivering valuable
guidance for practitioners navigating LLM integration complexities. Moreover, the identi-
fied drivers and barriers are not exclusive to the construction industry but also extend to
other industries undergoing digital transformation, such as manufacturing, healthcare, and
energy, where LLM adoption faces similar challenges and opportunities.

Despite these contributions, certain limitations warrant acknowledgment. The existing
literature on LLM adoption drivers and barriers in the construction industry remains
limited, which may constrain the theoretical depth of the study. Second, the sampling
strategy may not fully represent all construction subsectors and organizational scales,
potentially affecting findings’ generalizability. For example, technological adoption patterns
may differ significantly between large firms and small-to-medium enterprises. Additionally,
potential response biases may stem from variations in respondents’ technical expertise
and industry experience. Future studies could strengthen the insights of this work by
incorporating qualitative approaches such as interviews or case studies to illustrate real-
world experiences of LLM adoption. These qualitative methods would complement the
quantitative data, providing a richer understanding of the challenges and opportunities
faced by construction firms during LLM integration. Expanding the sampling strategy to
include diverse organizational types and sizes, as well as leveraging qualitative insights
from industry practitioners, will further enhance the validity and depth of the findings.
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