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Abstract
Purpose – With accelerating advances in artificial intelligence (AI) and digital transformation, the construction 
domain is rapidly adopting large language models (LLMs) to improve efficiency, safety and sustainability. 
However, a comprehensive understanding of their applications, adaptation strategies and evaluation practices in 
this domain remains limited. This paper provides a systematic landscape of LLM research and applications in 
construction, clarifying their roles, integration pathways and associated challenges.
Design/methodology/approach – A systematic review was conducted following the Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses guideline, combining bibliometric and content analysis of 
publications from 2020 to 2025. The review examines the evolution, implementation strategies and performance 
characteristics of LLMs in construction domains.
Findings – LLMs have been increasingly implemented across diverse construction tasks. Most studies utilize 
pretrained models, adapted through fine-tuning, retrieval-augmented generation or prompt engineering. While 
LLMs demonstrate strong reasoning and semantic understanding capabilities, challenges persist in domain 
adaptation, hallucination control, data privacy and lifecycle integration.
Practical implications – The results provide insights for researchers and practitioners on how LLMs can be 
effectively implemented throughout the construction domain. The paper highlights the need for developing 
domain-specific evaluation standards, establishing governance frameworks and aligning LLM applications with 
existing digital ecosystems such as building information modeling and digital twins.
Originality/value – This paper presents a comprehensive systematic review focused on LLM applications in 
construction. By mapping the technological landscape and summarizing key implementation strategies, it 
establishes a theoretical and practical foundation for advancing intelligent, data-driven and human-centered 
construction in the era of generative AI.
Keywords Large language models (LLMs), Smart construction, Construction management, Systematic review
Paper type Literature review

1. Introduction
The construction industry is a critical pillar of the global economy, contributing approximately 
13% to global gross domestic product (Abdelalim et al., 2025). However, it has long been
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characterized by slow adoption of innovation and lagging productivity growth (Gambatese 
and and Hallowell, 2011). These limitations are largely attributed to its project-based nature, 
the need for multi-stakeholder collaboration, and a strong dependence on information 
integration and sharing. In recent years, technologies such as building information modeling 
(BIM), the Internet of Things, digital twins, big data analytics, robotics, and artificial 
intelligence (AI) have been increasingly adopted to address challenges including design 
complexity, low construction efficiency, and high operational costs (Zhang et al., 2013). Smart 
construction refers to the digitally enabled, lifecycle-wide management of construction 
processes for efficiency and collaboration (Wu et al., 2022). Driven by digital transformation, 
AI subfields such as machine learning, computer vision, and natural language processing 
(NLP) have been widely applied to construction-related tasks (Abioye et al., 2021). 
Nevertheless, construction data are often fragmented, semantically heterogeneous, and poorly 
integrated across lifecycle stages. These characteristics pose significant challenges for 
traditional AI models in terms of generalization, contextual understanding, and task 
transferability (Akinosho et al., 2020).

The emergence of generative AI, particularly Large Language Models (LLMs), marks a 
paradigm shift in AI capabilities. LLMs are a category of AI models with billions of 
parameters, trained on massive unlabeled text using self-supervised learning (Raiaan et al., 
2024). LLMs have already achieved notable success in data-intensive fields such as healthcare 
(Peng et al., 2023), particularly in tasks involving information extraction, dialog systems, and 
generative outputs. In the construction domain, LLMs are emerging as a promising tool for 
enhancing design workflows, enabling intelligent management, and optimizing building 
operations (Saka et al., 2024). Moreover, with fine-tuning and contextual prompting, LLMs 
can be adapted to diverse construction scenarios to support complex tasks such as automated 
safety inspection (Wang et al., 2025a), building energy modeling (Jiang et al., 2024), energy 
performance diagnostics (Liu et al., 2025b), and design change management (Jang and Lee, 
2024). These capabilities position LLMs as key enablers of smart construction.

Despite preliminary explorations of LLMs in construction, current studies remain 
fragmented and mostly tool-oriented, lacking a comprehensive analysis of their technological 
foundations, application pathways, and implementation challenges. Existing reviews have 
largely focused on traditional AI techniques, such as visual recognition (Akinosho et al., 
2020). However, LLM-specific discussions within these reviews remain limited. Saka et al. 
(2024) explored the potential of ChatGPT in construction management, yet did not establish a 
dedicated framework centered on LLMs. Taiwo et al. (2024) provided a comprehensive 
overview of generative AI applications in construction and proposed a data-driven approach 
for customized model development, but their focus remained on general generative models 
rather than LLMs. While their study offered valuable case summaries and identified 
implementation barriers, it primarily adopted a descriptive perspective, lacking a task-driven 
analytical framework and a deeper examination of model evolution or multi-phase integration
strategies.

Accordingly, this paper aims to systematically review the research progress, application
patterns, and key challenges of LLMs in the construction domain through a combination of
bibliometric and content analysis, thereby addressing the existing lack of systematic 
understanding in this emerging field. The paper is guided by the following core research 
questions.

(1) What are the primary functional roles and technological pathways of LLMs in the 
construction sector?

(2) How are LLMs implemented and integrated across different construction stages and 
task types?

(3) What performance limitations, ethical concerns, and practical challenges do LLM 
applications face in construction?
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This paper makes three main contributions. First, it develops an integrated framework to 
organize LLM research in the construction domain. Second, it provides a structured synthesis 
of architectures, implementation strategies, and tool ecosystems, and identifies representative 
task patterns and data-flow characteristics across the building lifecycle. Third, it outlines a 
research roadmap for smart construction that translates these findings into actionable 
directions. Beyond technical insights, the paper also highlights societal implications, 
particularly the potential effects on construction safety, workforce structure and reskilling, 
and the governance mechanisms needed to support responsible and accountable adoption.

2. Research methods and process
This study adopts a systematic literature review methodology guided by the Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) framework (Page 
et al., 2021). PRISMA provides a well-established and empirically validated framework for 
documenting the identification, screening, eligibility, and inclusion of studies, and has been 
widely adopted in high-quality reviews within construction management (Gao et al., 2025b). 
This approach is particularly suitable for emerging research domains where empirical 
evidence is fragmented and rapidly evolving, as it allows systematic consolidation of dispersed 
findings into a structured analytical framework. Accordingly, a top-down review strategy was 
employed, starting from broad search terms and progressively refining the dataset using 
predefined inclusion and exclusion criteria. The review process consists of five main steps, as 
illustrated in Figure 1, which summarizes the identification, screening, and final selection of 
records included in the analysis.

Database Search WoS, Scopus
(“large language model*” OR “LLM” OR “GPT” ) AND 
( “construction” OR “AEC” OR “civil engineering” OR 

“building*”)

Step1 Identification

Step2 Screening

Step4 Included

Step5 Analysis

Inclusion criteria: 
Publication Year (2021 -2025); 
Peer-reviewed journal papers; 

English language papers;

Inclusion criteria: 
The subject must be relevant to the 

construction domain;

Inclusion criteria: 
Full text, no duplicate

Review and analysis
Bibliometric analysis and Content analysis

Step3 Eligibility

Number of records identified 
(n = 5,968; WoS = 2,009, 

Scopus = 3,959) 

Number of records identified
(n = 2,174; WoS = 1,026, 

Scopus = 1,148) 

Number of records identified 
(n = 224; WoS = 130, 

Scopus = 94) 

Number of records identified 
(n = 142; WoS = 130, Scopus = 12) 

Number of records identified 
(n = 142) 

Figure 1. Flowchart of the article selection process. Source(s): Authors’ own work
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(1) Identification. Relevant articles were retrieved from two widely recognized academic 
databases Web of Science (WoS) Core Collection and Scopus due to their 
comprehensive coverage and high-quality indexing. The following search queries 
were applied:

� Scopus: (TITLE-ABS-KEY (“large language model*” OR “LLM” OR “GPT”) 
AND TITLE-ABS-KEY (“construction” OR “architecture, engineering, and 
construction (AEC)” OR “civil engineering” OR “building*”))

� WoS Core Collection: “large language model*” OR “LLM” OR “GPT” (Topic) 
AND “construction” OR “AEC” OR “civil engineering” OR “building*” (Topic).

The “*” is used to include both singular and plural forms and related suffixes. A total of 5,968 
records were initially retrieved.

(2) Screening. Initial screening was performed based on the following inclusion criteria: 
(1) publication year between 2021 and 2025; (2) peer-reviewed journal articles; and 
(3) English-language papers. After this step, 2,174 records remained.

(3) Eligibility. The remaining articles were assessed for relevance to the construction 
domain, based on the journal and title and abstract review, resulting in the retention of 
224 records.

(4) Inclusion. Records were further screened to exclude duplicates and those without 
accessible full text. A total of 142 records were finally included for review.

(5) Analysis. The final dataset of 142 papers was subjected to bibliometric analysis and 
qualitative content analysis to identify key research trends, methodologies, and 
thematic distributions in the application of LLMs in the construction industry.

3. Overview of articles
3.1 Quantitative analysis
A total of 142 peer-reviewed papers were selected for analysis. As shown in Figure 2, the year-
wise distribution of the selected papers reflects a significant surge in research interest in this 
field since 2023. Although relevant studies were rarely found before that time, the number of 
publications increased significantly in 2024 and continued to rise rapidly in 2025, suggesting 
that the application of LLMs in the construction domain has become a highly active and 
emerging research topic. Notably, about 95% of the collected papers were published within the 
past two years, highlighting the strong momentum and growing academic engagement in this 
area. Regarding publication venues, Figure 2 also summarizes the top ten journals that have
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Figure 2. Yearly publication trends and journal distribution of selected papers. Source(s): Authors’ own work
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published the most relevant articles over the past five years. Most of these journals are widely 
recognized for their strong influence in construction disciplines.

To better capture the thematic structure and key research trajectories in this domain, a 
keyword co-occurrence analysis was conducted using VOSviewer, a widely adopted 
bibliometric tool known for its efficient clustering and visual output. Through this 
approach, the underlying relationships among frequently used keywords were mapped to 
reveal dominant themes and interconnections. From the 142 reviewed articles, a total of 609 
unique keywords were extracted, including both author-defined and index terms. To ensure 
analytical clarity and reduce noise, the minimum occurrence threshold was set to three, and a 
manual normalization process was applied to eliminate duplicates and unify semantically 
similar terms. After refinement, 38 keywords met the inclusion criteria for visualization.

The resulting network, illustrated in Figure 3, presents each keyword as a node, where node 
size reflects its frequency of occurrence, and edge thickness indicates the strength of co-
occurrence. Based on the association patterns, the keywords were grouped into five clusters, 
each represented by a distinct color. Among them, Cluster 1 (red) focuses on ChatGPT-driven 
applications in the AEC industry. Cluster 2 (green) is the largest group, centered on “large 
language model” and extended by “retrieval-augmented generation” and “knowledge graphs”, 
covering construction management, inspection, information extraction, and safety, 
highlighting LLMs’ role in knowledge-driven construction tasks. Cluster 3 (blue) 
emphasizes BIM and NLP based applications, with keywords such as “building information 
modeling”, “natural language processing”, “prompt engineering”, and “virtual assistant”; 
Cluster 4 (yellow) centers on methodological development, including terms like “framework”, 
“fine-tuning”, and “deep learning”; Cluster 5 (purple) relates to foundational AI and energy 
applications, involving “artificial intelligence”, “machine learning”, “building energy 
modeling”, and “architecture”.

3.2 Implementation strategies
The implementation architectures can be broadly categorized into standalone and integrated 
models. Standalone deployments treat the LLM as an independent application, typically built

Figure 3. Keyword co-occurrence map. Source(s): Authors’ own work
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for a specific task, such as an intelligent conversational assistant for building energy modeling 
(Li et al., 2025b). This approach is flexible and quick to deploy but limited in multi-source data 
integration and cross-task reasoning. In contrast, integrated models embed the LLM module 
deeply into BIM, Digital Twin, or Internet of Things systems (Bao and Bu, 2025), connecting 
seamlessly to structured data (e.g. BIM models, sensor streams) via application programming 
interfaces (APIs) or knowledge graphs to enable context-aware reasoning and decision-
making (Wang et al., 2025b). As illustrated in Figure 4, three representative integration 
patterns can be identified: retrieval-augmented generation (RAG) pipelines, which combine 
information retrieval with generative reasoning to efficiently access and interpret domain 
knowledge (Lee et al., 2024), integrating external knowledge bases to provide precise and up-
to-date information (Zhang et al., 2025c). In agent-based frameworks, LLMs serve as the 
coordination core among perception, reasoning, and control agents to achieve distributed task 
execution (Xiao and Xu, 2024). Cross-modal fusion systems link text, image, and sensor data 
for joint reasoning in tasks such as safety inspection (Wang et al., 2025a). Beyond these 
integration architectures, some studies further enhance performance through adaptation 
strategies, including domain-specific fine-tuning with labeled datasets to improve task 
accuracy (Jiang and Chen, 2025), and prompt engineering using structured templates and 
dynamic context injection to align outputs with engineering-specific requirements (Zheng and 
Fischer, 2023).

Beyond architectural integration, implementation diversity extends across model families, 
data modalities, adaptation strategies, and application scenarios, revealing a complex 
ecosystem of LLM pathways in smart construction. As illustrated in Figure 5, these 
implementation routes demonstrate how LLMs are progressively aligned with construction-
specific objectives, bridging unstructured language processing with structured engineering 
data and domain reasoning.

At the model level, five major categories dominate: GPT-based, BERT-based, LLaMA-
based, Chinese-oriented models, and multimodal/vision-language models. GPT-based models 
play a leading role due to their strong text generation capacity, accounting for approximately 
80.2% of all pretrained models adopted, particularly in compliance checking (Shi et al., 
2025b) and text analysis tasks (Xiao et al., 2025). Bidirectional Encoder Representations from 
Transformers (BERT) and LLaMA models are more frequently applied in classification, 
reasoning, and document automation, while multimodal models are primarily directed toward

Vector Database
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Knowledge

PromptPowered by LLM

Response

Input data Embedding model

··
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Data preparation

Data retrieval

LLM generation
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(a) RAG workflow.

Environment

Memory
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(b) Agent-based LLMs workflow.

(c) Large multi-modal model workflow.
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Figure 4. Typical workflows of LLMs-driven systems. Source(s): Authors’ own work
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image- and video-driven tasks such as hazard detection (Luo et al., 2025) and safety 
monitoring (Uhm et al., 2025).

At the data type level, textual data remains the central medium, but substantial flows extend 
toward BIM data, sensor signals, images, videos, and multimodal fusion. This indicates the 
inherently multimodal nature of construction tasks: while language serves as the primary 
interface, practical applications increasingly require integration with visual (Wang et al., 
2025a) and sensor data (Xu et al., 2025b). Multimodal pathways, in particular, emphasize the 
fusion of textual prompts with visual inputs, reflecting the high reliance on image and video 
information in construction environments (Tsai et al., 2025).

At the strategy level, five dominant pathways can be identified: prompt engineering, RAG, 
finetune, knowledge graph integration, and multimodal fusion. Evidence indicates that LLM 
implementation in construction rarely relies on a single pathway; instead, hybrid combinations 
are increasingly common. For example, GPT-based models are often paired with RAG for 
compliance tasks (Joffe et al., 2025), construction coordination frequently integrates agent-
based (Zhang and Ge, 2025) and multimodal (Cai et al., 2025) approaches, and process 
planning has leveraged LLM-enabled knowledge graph construction for knowledge extraction 
(Xu et al., 2025a).

At the application level, distinct preferences are observed across tasks. In compliance and 
governance, GPT-based models combined with RAG and textual data are applied to regulatory 
interpretation and contract review (Jang and Lee, 2024). Construction coordination relies more 
on GraphRAG and multimodal fusion, integrating text with images and videos for defect 
analysis (Jeon and Lee, 2025). In design and planning, prompt engineering and BIM data serve 
as primary pathways for aligning natural language queries with complex structures and 
enabling constraint validation and code-driven retrieval (Guo et al., 2025). O&M management 
is characterized by the use of tool calling and sensor data to interface with simulators and

VideoChinese-oriented models
Image

GraphRAG

LLaMA family
Ontology/Rule-based reasoning

Knowledge-based retrieval
Multimodal&Vision-language models

Sensor

Agent

Tool invocation

Education&knowledge

BERT-based

Multimodal

Knowledge graph

Finetune

BIM

RAG

Compliance and governance

Multimodal fusion
Design and planning

O&M management

Construction coordinationPrompt engineering

Text

GPT-based

Data typePretrained model Strategy
Applications

Figure 5. Implementation pathways of LLMs in smart construction. Source(s): Authors’ own work
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monitoring systems for optimization (Jiang et al., 2024). In education and knowledge, prompt 
engineering (Sabir et al., 2025) is frequently adopted, tailored to educational datasets to 
support Q&A, tutoring, and training.

4. Functional domains of LLMs applications
To provide a structured understanding of the functional roles of LLMs, a comprehensive 
content analysis was conducted. The analysis revealed five distinct functional domains 
(Figure 6), each comprising task clusters that highlight the specific contributions of LLMs. 
The detailed sub-sections below elaborate each domain.

4.1 Compliance and regulation
Recent studies have demonstrated a rapid advancement in applying LLMs to the 
interpretation, transformation, and compliance checking of building regulations. Traditional 
rule-based or supervised learning approaches often suffer from scalability issues or high data 
dependency. In contrast, LLMs offer a more flexible approach by leveraging contextual 
understanding, few-shot learning, prompt engineering, and RAG. As summarized in Table 1, a 
wide spectrum of tasks has been explored.

Applications of 
LLMs in 
Smart  

Construction

O&M
management

• BIM-based 
design

• Carbon 
assessments

• Design intent 
interpretation

• Regulations Q&A
• Compliance checking
• Building code summary
• Contract review

• Safety 
checklists

• Hazard 
identification

• Accident 
summaries

• Task 
adjustment

• Energy consumption
• O&M demand 

generation
• Maintenance 

recommend

• Teaching 
dialogues

• Knowledge 
quiz

• Semantic 
retrieval 
system

Figure 6. Categorization of LLMs in smart construction. Source(s): Authors’ own work
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Table 1. Summary of applications of LLMs in compliance and regulation

Applications Data source Data processing Model Advantages Limitations Reference

Summarize 
construction dispute data

Westlaw
 
database 

(300 U.S. 
construction dispute 
cases)

Sentence-level 
segmentation, BERT-based summarization

OpenAI’s models and BERT
Summary results are 
intuitive and geared

 towards legal practice 
scenarios

Inconsistent contextual 
coherence and abstract 
precision

Seo and Kang (2025)

Construction contract risk review
 

Contract Graph-enhanced retrieval 
with nested contract 
knowledge graphs 

LLM
 
þ
 

Nested Contract Knowledge 
Graph (NCKG)

High semantic 
precision, hallucination mitigation

High cost of knowledge 
graph construction, 
lacks dynamic updates 

Zheng et al. 
(2025)

Compliance 
checking

International 
Building Code 2015, 
2022 Michigan state traffic crash data 

Embedding Prompt-engineered interaction framework with ChatGPT

For regulatory processing scenarios 
where data is scarce

Requires expert 
intervention for Prompt 
engineering

Yang and Zhang (2024)

Contract clause 
interpretation

Standard contract forms
Embedding Langchain þ 

GPT-
3.5 þ 

Chroma
Vector database 
supports semantic 
similarity search beyond traditional keyword matching

Does not involve 
complex reasoning or 
generation; suitable for 
closed-ended quizzes 
only

Saparamadu et al. (2025)

Named entity recognition for 
construction documents 

Internal construction documents
Embedding Fine-tuning LLMs, 

RAG
Effective on weakly supervised data; 
adaptable to diverse 
construction texts 

Limited entity types Zhou and Ma 
(2025)

Building codes and standards Q&A
National Building Code of Canada 2020

Modality alignment, Text 
segmentation, Embedding

RAG Highly traceable: all 
Q&As come with original canonical 
citations

Plain text processing only
Joffe et al. 
(2025)

Legal consulting in construction procurement

Taiwan legal texts (in Traditional Chinese
Pilgrimage Walk Optimization-Differential 
Evolution (PWO-DE) 
Optimization hyperparameters

Llama, ChatGPT Cultural adaptation, 
improved legal accuracy

Still need human judgment
Liu and Chou (2025)

(continued )
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Table 1. Continued

Applications Data source Data processing Model Advantages Limitations Reference

Construction contract review
International 
Federation of Consulting Engineers (FIDIC)

Embedding LLM
 
þ
 

Domain Rule 
Templates

Strong semantic 
matching skills; 
rudimentary reasoning skills

Insufficient ability to generalize to new
 
types 

of contracts

Kim
 

et al. 
(2025)

Building code 
Q&A

Regulation texts Embedding RAG Highly interpretable; 
combines symbolic and semantic reasoning 

Reliance on high-
quality regulatory corpora

He et al. 
(2025a)

BIM
 

compliance 
check

BIM
 

model, 
Residential Design Code GB-50096– 2011

Term
 

extraction, Semantic 
clustering

GPT-4 Improved extraction accuracy; reduced need for manual feature 
engineering

More complex processes, requiring deep integration of multiple modules

Chen et al. 
(2024)

Source(s): Authors’ own work
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The prevailing approaches reveal a fundamental trade-off between precision and 
generalizability. For regulation transformation, studies by Fuchs et al. (2024) and Yang and 
Zhang (2024) demonstrated that prompt engineering with large models like GPT can achieve 
high precision on specific code clauses. However, this performance is highly sensitive to 
prompt phrasing and the selection of few-shot examples, creating a reproducibility crisis. In 
response, RAG-based frameworks have emerged to improve transparency by explicitly 
grounding model outputs in source documents. These systems mitigate hallucination and 
provide citations, which is a significant step forward for trustworthiness. Saparamadu et al. 
(2025) benchmarked a vector-augmented chatbot against ChatGPT in contract interpretation 
tasks and showed superior factual accuracy and fewer hallucinations. However, their 
effectiveness remains closely dependent on the quality, coverage, and granularity of the 
underlying knowledge base.

Efforts to enhance explainability and domain alignment have increasingly turned to 
knowledge integration, yet these approaches often substitute one form of complexity for 
another. While the nested contract knowledge graph improves semantic search (Zheng et al., 
2025), its value is contingent on the extensive, and often prohibitive, manual effort required for 
graph construction, creating a significant scalability bottleneck. Similarly, the integration of 
expert rules enhances coverage but at the cost of adaptability (Kim et al., 2025). Hybrid 
frameworks that combine LLMs, deep learning, and ontologies represent an architecturally 
ambitious approach, but they risk generating overly complex systems that are difficult to 
maintain, debug, and deploy in practice (Chen et al., 2024). The domain adaptation study 
successfully reduces hallucination for specific jurisdictions (Liu and Chou, 2025), but 
revealingly exposes a core weakness: the lack of a foundational, cross-jurisdictional 
understanding in these models, which are instead painstakingly retrofitted to a single legal 
context. The transition to real-time, interactive assistants is commendable but remains a proof-
of-concept (Tran et al., 2024), its validation in the chaotic, multilingual, and high-stakes 
environment of a construction site, where reliability is paramount, remains the critical 
unsolved challenge. The heuristic segmentation strategies employed for lengthy contracts 
(Gao et al., 2025c) are a pragmatic workaround, but they inherently fracture the document’s 
context, potentially creating misinterpretations at the seams between segments. Nevertheless, 
reliance on heuristic segmentation highlights persistent challenges in maintaining document-
level context and ensuring reproducibility.

4.2 Planning and design
The application of LLMs in the planning and design phase has progressed rapidly, 
demonstrating enhanced semantic interpretation, functional reasoning, and task automation. 
Yet, most existing studies remain proof-of-concept prototypes, with limited evidence of 
scalability, interoperability, or seamless integration into established design workflows. An 
overview of representative applications, including their methodological components and 
technical advantages, is provided in Table 2.

Technical progress and limitations: The Natural-language-based Architectural Detailing 
through Interaction with AI (NADIA) system (Jang et al., 2024), which integrates GPT with 
Revit to automate exterior wall detailing, achieved 83.3% accuracy and reduced manual effort. 
However, its reliance on predefined JavaScript Object Notation (JSON) rules and rigid prompt 
chains constrain adaptability to novel design intents and complex, non-standard forms, limiting 
generalizability. Similarly, a multimodal framework that fuses façade imagery with textual 
signage for building use identification (Ramalingam and Kumar, 2025) illustrates novel vision– 
language integration but performs poorly in data-scarce contexts such as narrow streets or 
signage-deficient environments, reflecting the dependence of LLM-based design tools on high-
quality multimodal data rarely available in early-stage design. A generative design framework 
for industrialized buildings (Gao et al., 2025a) further demonstrates the potential of combining 
LLMs with knowledge graph question answering and multi-objective optimization to support 
interdisciplinary integration and performance-driven decision-making.
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Table 2. Summary of applications of LLMs in planning and design

Application focus Data source Data processing Model Advantages Limitations Reference

Automated detailing of exterior 
walls

Architectural design intentions (text) þ 
Revit 

BIM
 

environment

Prompt chaining, rule-
based JSON

 
mapping

GPT-3.5-turbo-0301 High automation, 
compliant with thermal 
rules, reduces manual 
modeling

Dependent on prompt 
quality and rule 
definitions, limited to wall detailing 

Jang et al. 
(2024)

Building use 
identification

Google street view images
Building detection, 
text/image 
classification, 
ensemble fusion 

Grounding DINO, 
DINOv2, CLIPSeg, GPT-
3.5 Turbo, fine-tuned

Combines visual and textual cues for robust 
classification

Performance drop in narrow
 
streets or 

buildings without 
signage

Ramalingam
 and Kumar 

(2025)

Accounting embodied carbon in buildings

Two buildings, CAD drawings, and construction plans, 
Chinese Life Cycle 
Database

Regular expressions 
and text parsing techniques

Fine-tuned Claude-3.5, 
GPT-4o

High precision: 
Claude-3.5 match accuracy of 84.12%

Models have regional 
adaptation limitations

Gu et al. (2025)

Generative design in industrialized construction

BIM
 

data, Singapore 
Road Traffic Rules, 
interviews, Singapore 
Building Carbon Calculator

Data cleaning, 
normalization, 
embedding

LLM
 
þ
 
Knowledge Graph Q&A

Achieves 15.8% 
cost 

reduction, 21.2%
 energy saving

High computational 
demands, partial 
realization of full 
framework in practice

Gao et al. 
(2025a)

Early-stage design decision support in additive 
construction

Domain ontologies, 
standards

Ontology formalization, 
knowledge graph construction, 
SPARQL

 
querying 

LLM
 
þ
 
Knowledge Graph Q&A

bridges BIM 
and additive construction domains

High ontology modeling cost
Li and Petzold (2025)

BIM-based design
for free-form
prefabricated
buildings

BIM
 

model, rules Extract features, 
prompt generation

Llama 2, Chat-Yuan, Chat-
GPT, GPT-4

Bridges BIM 
design and manufacturing logic through semantic 

LLM
 

integration

The initial costs 
associated with implementing can be 
substantial

Han et al. 
(2025)

Source(s): Authors’ own work

EC
A
M

33,15

170

Downloaded from ftp.​nowpublishers.​com/​ecam/​article-pdf/​33/​15/​159/​11256484/​ecam-10-2025-1668en.​pdf by guest on 12 September 2026



Integration–performance trade-offs: Deeper integration with sustainability and 
manufacturability objectives has also been explored. For instance, linking BIM schedules 
with carbon emission databases (Gu et al., 2025) illustrates the potential for automated 
sustainability accounting. Yet, the regional specificity of such databases severely restricts 
global applicability, underscoring the absence of standardized and interoperable 
environmental data schemas. Ontology-driven and BIM-based design-for-manufacture-and-
assembly frameworks demonstrate academic rigor and formalize expert knowledge 
effectively (Li and Petzold, 2025), but high modeling and implementation costs render 
them feasible mainly for large-scale, repetitive projects, neglecting the long tail of bespoke 
constructions that dominate practice.

4.3 Construction and coordination management
In the construction phase, LLMs are increasingly integrated into key tasks such as safety 
management, site-level information coordination, equipment control, knowledge extraction, 
and human–machine interaction. These applications purport to enhance productivity and 
decision-making on site; however, a critical evaluation reveals a field in its infancy, often 
prioritizing technological novelty over practical robustness, and demonstrating a concerning 
gap between controlled research settings and the chaotic reality of the construction site.

Safety management: This remains the most active domain of adoption. LLMs are 
increasingly deployed in coordination, safety monitoring, and task scheduling, often through 
integration with sensor and image data. RAG and fine-tuning based models have demonstrated 
improved knowledge retrieval and structured risk identification compared with baseline 
GPT-4 outputs (Lee et al., 2024). Graph-augmented retrieval has enhanced the parsing of 
fragmented planning constraints (He et al., 2025b). In prefabricated construction, risk 
management agents have achieved 99.95% accuracy in risk definition (Zhang and Ge, 2025), 
while vision–language systems improve hazard recognition through Contrastive Language-
Image Pre-training (CLIP)-based fusion (Tsai et al., 2025). On a large-scale case basis, 
semantic alignment of job activities, equipment types, and mitigation advice has been 
supported by LLM-based retrieval and synthesis (Baek et al., 2025). Multimodal reasoning 
capabilities, particularly from Vision language models (Chen et al., 2025b), enable hazard 
detection by fusing on-site video or image streams with textual prompts and planning 
constraints. Despite these advances, the evaluation of safety systems often relies on synthetic 
datasets or narrow scenarios, raising concerns about generalizability.

Task coordination and multi-agent collaboration: LLMs have been used to transform
meeting transcripts into actionable items, such as in the “Meet2Mitigate” framework (Chen 
et al., 2025a), and to support multimodal reporting systems that combine UAV-collected 
imagery with textual inputs for field documentation (Pu et al., 2024). Incident analysis has also 
been automated: causal chain reconstruction, accident-type classification (Zhang et al., 
2025d), equipment failure inference (Ray et al., 2024), and scene graph-based visualization of 
accidents have all been demonstrated. In field inspections, LLMs orchestrate multi-agent 
workflows to interpret drone-captured visual data and automate reporting (Liu et al., 2025a). 
However, many of these systems are limited by hallucination risks, dependency on structured 
reporting formats, and a lack of mechanisms for uncertainty communication. Most 
frameworks also assume cooperative, noise-free interactions, which may not hold in real-
world construction meetings or when multiple stakeholders have conflicting priorities.

Process control and perception: Applications include zero-shot frameworks using CLIP 
and transformers for equipment classification without labels (Jeoung et al., 2025), hierarchical 
code generation for robotic assembly (Luo et al., 2024), and multimodal grouting parameter 
forecasting (Zhang et al., 2025e). These methods illustrate the versatility of LLMs in 
integrating numeric, textual, and visual signals. Nonetheless, challenges remain in ensuring 
robustness under varying site conditions, computational feasibility for real-time operation, and 
the explainability of decisions in safety-critical tasks.
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4.4 Operation and maintenance management
With the increasing digitalization of building operations, LLMs are being explored in the 
O&M phase due to their semantic understanding, contextual reasoning, and cross-modal 
integration capabilities. Current studies have concentrated on four main areas: energy 
modeling, system diagnosis, and information retrieval.

Energy modeling and prediction: LLMs have been used to automate the construction of 
building energy models, reducing reliance on expert input and improving prediction 
efficiency. Platforms such as EPlus-LLM integrate GPT models into energy simulation 
workflows (Jiang et al., 2024), while Prompt-AM employs task decomposition and multi-
agent orchestration for semantic coordination across modeling stages (Jiang et al., 2025). 
UBEM-GPT extends prediction to the urban scale under data-scarce conditions (Choi and 
Yoon, 2024), and Empower leverages language-based representations of historical load and 
weather data for zero-shot energy demand inference (Zhou and Wang, 2025). Multilingual 
models have also been applied to enhance cross-language generalization (Forth and 
Borrmann, 2024). Despite these advances, most approaches remain experimental: they 
often rely on small datasets, lack standardized benchmarks for comparison, and have not been 
validated in large-scale operational settings.

System diagnosis and strategy optimization: LLMs have been combined with interpretable
machine learning to express Heating, Ventilation and Air Conditioning (HVAC) causal chains in 
natural language, improving transparency (Zhang and Chen, 2024). Fine-tuned LLMs can detect 
anomalies from limited labeled samples (Zhang et al., 2025a), while occupant feedback has been 
analyzed through NLP to support personalized comfort control (Sadick and Chinazzo, 2025). 
When integrated with digital twins, they enable contextual fault detection and autonomous 
control through ontology-based semantic reasoning (Yoon et al., 2025). Knowledge graph– 
augmented prompting improves the generation of structured maintenance documents, 
enhancing clarity and accuracy (Shi et al., 2025a). However, many studies rely on narrowly 
scoped training data, and there is limited evaluation of performance under real-time operational 
constraints or changing occupancy patterns.

Information retrieval and question answering: LLMs support semantic search of O&M
manuals, maintenance records, and BIM-linked component data. Examples include ChatGPT 
with RAG for expert-level O&M queries (Li et al., 2025b) and multi-agent architectures for 
real-time BIM data retrieval (Liu et al., 2025c). Dynamic prompt generation has been used to 
improve context awareness (Zheng and Fischer, 2023), while generative clustering techniques 
classify unlabeled defect reports for structured maintenance knowledge (Cusumano et al., 
2025). Yet these systems face challenges in scalability, retrieval robustness, and ensuring the 
accuracy of outputs in safety-critical contexts.

4.5 Knowledge and education
At the level of knowledge management and education, LLMs have been applied not only to 
improve learning efficiency in construction-related education but also integrated into domain-
specific Q&A systems, personalized training platforms, and structured knowledge retrieval 
workflows, helping to bridge the gap between academic training and practical application.

Domain-specific Q&A and knowledge management: Structured knowledge injection and
RAG frameworks have been used to improve adaptability in project management and legal 
domains. Examples include knowledge graph for project management, which improved 
accuracy across multiple question types (Zhou et al., 2025a), and knowledge integration 
approaches that boosted exam performance in specialized areas (Zhou et al., 2025b). While 
these systems demonstrate measurable gains, they remain heavily dependent on curated 
datasets and lack robustness across diverse project contexts. Hybrid retrieval systems 
combining vectors, keywords, and graph structures have improved multi-source knowledge 
access throughout the building lifecycle (Wang et al., 2025b). Spatial queries over BIM 
models have also been supported by natural language systems integrating geometric indexing 
and multi-agent coordination, achieving 92.1% accuracy (Li et al., 2025a). Yet these
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approaches rely on domain-specific infrastructure and controlled settings, raising concerns 
about scalability and integration into existing workflows.

Education and training: In higher education, LLMs have been integrated with computer 
algebra systems to support inquiry-based learning, enhancing conceptual understanding and 
problem-solving in engineering education (Matzakos and Moundridou, 2025). Broader 
studies highlight potential benefits in curriculum design and vocational training, particularly 
for engagement and foundational knowledge delivery (Jelodar, 2025). However, most work 
remains limited to small-scale pilots, with little evidence of long-term improvement in task-
specific or strategic skills, suggesting a gap between enhanced engagement and actual skill 
acquisition. VR-based personalized safety training (Sabir et al., 2025) and game-based 
systems for risk awareness (Naderi and Shojaei, 2025) illustrate how LLMs can complement 
immersive technologies. While effective in controlled studies, questions remain about 
deployment costs, standardization of scenarios, and generalizability to different trades and 
cultural contexts.

5. Discussions
5.1 Limitations and future directions
Despite their promise, LLM adoption in construction remains constrained by data privacy and 
security concerns, high deployment costs, and hallucination-driven risks in safety-critical 
environments. Challenges around governance, liability, and workforce transition further 
complicate practical implementation. Moreover, limited domain-specific knowledge and the 
absence of standardized benchmarks hinder reliable evaluation and tool interoperability. 
Advancing secure architectures, efficient and uncertainty-aware models, clear regulatory 
frameworks, and construction-tailored datasets will be essential. Figure 7 summarizes these 
key limitations and future research directions.

(2) Complexity & Deployment

High cost

Training

Fine-tuning

Inference

High computational 
demand

Limitations

(3) Hallucinations & Reasoning 

Low-quality data
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Inference slow

project delays 
and cost overruns

equipment failures

safety accidents

(4) Governance & Responsibility

Replace?
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Who owns the copyright of AI -
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(1) Edge deployment
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Identity
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memory
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On-device 
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Model 
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Figure 7. Current research limitations and future directions. Source(s): Authors’ own work
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5.1.1 Data privacy and security. Construction projects involve sensitive data, including 
design drawings, BIM models, contracts, and operational records. Reliance on cloud-hosted 
LLMs raises the risk of data leakage, unauthorized access, or cyber-attacks, which can 
compromise intellectual property and project confidentiality (Han et al., 2025). Furthermore, 
LLMs trained on large-scale corpora may inadvertently expose fragments of sensitive 
information in their outputs, even when such content is not part of the input query (Kaddour 
et al., 2023). Researchers have also identified multiple vulnerabilities in LLMs, including 
backdoor attacks, prompt injection, data poisoning, and jailbreak techniques, which can be 
exploited to extract sensitive data or manipulate outputs (Das et al., 2025). These risks 
highlight the insufficiency of traditional anonymization and access control mechanisms in 
high-risk domains such as construction.

Future research should therefore prioritize the design of privacy-preserving mechanisms. 
Key directions include secure edge deployment, which performs inference locally to minimize 
transmission risks; federated learning, which enables collaborative training across multiple 
organizations without exposing raw data; and confidential computing, which uses hardware-
based encryption to protect data during processing. Integrating these strategies into LLM 
workflows will enhance resilience against adversarial attacks, safeguard the confidentiality of 
construction data, and ensure that LLM-powered systems can be deployed responsibly in
practice. 

5.1.2 Complexity and deployment constraints. LLMs are inherently resource-intensive, 
requiring significant computational capacity for training, fine-tuning, and inference. In the 
construction domain, this translates into barriers for tasks such as large-scale BIM model 
parsing, real-time compliance checking, and continuous site monitoring, all of which demand 
substantial computing power. The resulting high energy consumption and carbon emissions 
are especially paradoxical given the sector’s commitment to energy efficiency and 
decarbonization (Zhang and Chen, 2025). Financial costs add further constraints: API-
based access can become prohibitively expensive when querying extensive project records or 
running frequent regulatory checks, while local deployment requires costly graphical 
processing unit clusters that must be regularly upgraded to support advancing model 
complexity (Zhang et al., 2025b).

These limitations reduce the feasibility of LLM integration in site-level or resource-
constrained project environments. Future research should therefore prioritize lightweight 
architectures, model compression, on-device inference, and edge deployment, alongside the 
adoption of smaller but capable models to ensure that LLM applications in construction remain 
both practical and sustainable.

5.1.3 Hallucination and reasoning instability. Hallucinations arise when LLMs generate
outputs that appear coherent and credible but are factually incorrect or logically invalid (Ji 
et al., 2023). In the construction domain, such errors can be particularly damaging in safety-
critical contexts, such as compliance checking, schedule optimization, or equipment 
maintenance, where inaccurate recommendations may result in costly delays or safety 
incidents. Reasoning instability further exacerbates this challenge, as models may provide 
inconsistent or contradictory outputs under similar conditions. In addition, high computational 
demands can slow inference, undermining real-time monitoring and site-level decision 
making and increasing the likelihood of compounding errors.

Mitigation strategies are emerging. Carefully designed prompts that specify contextual 
information, including key project parameters such as energy peaks or schedule constraints, 
help reduce bias and improve relevance (Cao et al., 2023). For example, in energy demand 
forecasting or schedule simulation, prompts should explicitly include task context and key data 
characteristics (such as peak load, average energy consumption, and schedule ranges) to 
reduce generation bias. It not only helps mitigate hallucination risks but also strengthens the 
alignment of LLMs with real-world construction and operation contexts.

Future research should emphasize uncertainty estimation, causal reasoning, and self-
refinement mechanisms so that models can indicate confidence levels, identify potential
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errors, and revise outputs before use. Memory-enhanced architectures that learn from prior 
mistakes (Shinn et al., 2023) offer additional promise for improving stability and supporting 
more transparent and verifiable decision-making across construction workflows.

5.1.4 Governance, liability and workforce transformation. LLM adoption in construction
raises governance issues beyond technical feasibility, particularly around legal accountability, 
intellectual property, and workforce transformation. A key gap is the lack of clear liability 
frameworks: when LLM-generated outputs lead to design errors, cost overruns, or safety 
incidents, it is unclear whether responsibility lies with model developers, deploying 
organizations, or end-users. This ambiguity constrains practitioner trust and regulatory
acceptance. 

Closely linked to liability is the issue of copyright and intellectual property. Construction 
workflows rely on proprietary standards, codes, and technical documents, some of which are 
copyrighted (Zhang and Chen, 2025), and their use in training may risk unauthorized 
reproduction or rephrasing. Meanwhile, ownership of AI-generated content remains legally 
unresolved. LLMs also accelerate workforce transformation, raising concerns over job 
displacement and shifting skill demands (M€akel€a and Stephany, 2024).

Addressing these challenges requires an integrated governance agenda. Legal frameworks 
must establish accountability for AI-assisted decisions; copyright and licensing requirements 
must be clarified; and workforce adaptation strategies must be embedded into industry policies 
and organizational practices. Such efforts call for interdisciplinary collaboration among 
engineers, legal scholars, policymakers, and professional bodies to ensure that LLM adoption in 
construction is technically feasible, legally sound, ethically responsible, and socially sustainable.

5.1.5 Domain knowledge and benchmark. A major barrier to applying LLMs in
construction is the lack of domain-specific expertise and the scarcity of high-quality, 
construction-oriented datasets (Zhou et al., 2025b). General corpora fail to capture specialized 
terminology, regulations, safety standards, leading to biased or incomplete outputs. Curated 
datasets combining BIM documentation, project logs, safety records, and compliance 
guidelines are needed to support accurate reasoning in tasks such as code checking, energy 
modeling, and risk prediction. Interoperability is another challenge, as construction workflows 
depend on diverse systems such as computer-aided design, BIM, and project management 
platforms. Current models struggle to handle multi-modal and domain-specific file formats, 
limiting real-world applicability. Future studies should develop middleware solutions and 
standardized protocols that enable LLMs to communicate with existing tools via APIs or 
knowledge graphs.

The lack of unified evaluation standards further constrains progress (Banerjee et al., 2024). 
Unlike NLP domains with the General Language Understanding Evaluation (GLUE) 
benchmark or the Massive Multitask Language Understanding (MMLU) benchmark, 
construction lacks shared datasets and metrics. Establishing open benchmarks for tasks 
such as compliance checking, BIM parsing, and safety management would support fair 
comparison, reproducibility, and adoption. Advancing domain datasets, interoperability 
frameworks, and benchmarking systems will enhance reliability and scalability, fostering the 
responsible integration of LLMs into digital construction ecosystems.

5.2 Implications and recommendations
The findings indicate that the strongest performance of current LLM applications lies in 
augmenting, rather than replacing, human decision-making. In the near term, LLMs are best 
positioned as decision-support tools rather than fully autonomous systems, particularly in 
safety and cost critical workflows; accordingly, human-in-the-loop verification, traceable 
retrieval, and audit logging should be treated as baseline requirements. From a governance 
perspective, organizations should establish clear protocols for data privacy, access control, and 
intellectual property before scaling deployment. The lack of standardized benchmarks remains 
a key bottleneck, underscoring the need for open, construction specific datasets, benchmarks, 
and evaluation protocols to enable reproducible research. At the societal and policy level,
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responsible adoption will require workforce reskilling and sector-level guidance to support 
transparent, auditable, and accountable use.

6. Conclusions
This paper presented a comprehensive review of the application of LLMs in the domain of smart 
construction, aiming to capture the evolving research landscape and emerging capabilities of 
these models. By systematically analyzing 142 peer-reviewed papers through bibliometric and 
content analysis, this paper highlights the expanding role of LLMs in supporting tasks. The 
findings revealed that LLMs, particularly those based on GPT and BERT architectures, are 
increasingly integrated into real-world construction workflows through prompt engineering, 
fine-tuning, and RAG strategies. These techniques have enabled the transformation of 
unstructured construction data into actionable knowledge, improved accessibility to domain 
expertise, and supported more adaptive and intelligent decision-making environments. This 
review can serve as a foundational reference for researchers and practitioners seeking to 
understand the potential, methods, and limitations of LLMs in smart construction. It not only 
summarizes current achievements but also outlines future directions for developing trustworthy, 
scalable, and domain-aligned language intelligence in smart construction.

Despite its contributions, this review has several limitations. The literature was mainly 
sourced from WoS and Scopus, potentially excluding relevant studies from other databases. In 
addition, detailed technical evaluations of model performance were beyond the review’s 
scope. Future research should expand data sources and integrate systematic review with 
empirical benchmarking for a more comprehensive assessment.
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