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ABSTRACT

Generative Artificial Intelligence (Al), specifically Large Language Models (LLMs), has the
potential to reshape construction management practices. These novel solutions can transform
lean construction by enabling real-time data analysis, streamlined communication, and
automated decision-making across project teams. They can facilitate enhanced collaboration by
generating insights from vast construction data sets, improving workflow efficiency, and
reducing waste. Additionally, LLMs can support predictive modeling, proactive risk
management, and knowledge sharing, aligning with lean principles of maximizing value and
minimizing inefficiencies. Given the recent advancements in generative Al it is critical to
systematically shape future research directions by building on the existing body of knowledge
and addressing key knowledge gaps. The first step toward identifying knowledge gaps and
uncovering critical areas that remain underexplored is to systematically analyze the existing
body of knowledge. Therefore, this study conducts a scoping review to synthesize the extent,
range, and nature of existing studies that have proposed novel solutions using generative Al
and LLMs for various aspects of construction management. The outcomes of this systematic
scoping review will help identify potential research directions for future studies in this domain.
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INTRODUCTION

The unprecedented potential and rapid advancement of generative Al and LLMs are reshaping
the landscape of many industries, including the construction sector. These technologies may
introduce new possibilities for enhancing efficiency, precision, and adaptability across various
phases of a construction project. Their ability to process and interpret vast volumes of
multimodal data enables innovative approaches to problem-solving and decision-making. By
fostering more streamlined workflows and deeper insights, generative AI and LLM unlock
opportunities for better project outcomes. They also promote new ways of approaching
challenges, driving innovation and continuous improvement within the construction sector. In
the context of Lean Construction, generative Al and LLMs provide opportunities to enhance
efficiency and value creation by aligning with core Lean principles. These technologies can
optimize processes to reduce variability and improve flow by enabling more effective resource
utilization and waste reduction. They facilitate better communication and collaboration among
stakeholders to ensure alignment with project objectives. Generative Al and LLMs support pull
planning by providing deeper insights and predictive capabilities that refine workflows and
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improve decision-making. Their ability to analyze complex systems and offer tailored solutions
fosters continuous improvement and drives Lean principles in construction projects.

Despite the growing number of studies in this domain, research on developing novel
solutions for Lean Construction methods remains in its early stages. While these technologies
show immense promise, their application in Lean Construction is not yet fully explored or
understood. It is essential to systematically identify potential research directions to guide future
studies and address existing knowledge gaps. A structured approach to exploring these
technologies will help uncover opportunities for innovation, ensure alignment with Lean
principles, and maximize their transformative potential within the construction industry. The
first step in identifying knowledge gaps and systematically determining potential research
directions for future studies is to analyze and synthesize the scope of existing research through
a systematic literature review.

OBJECTIVE

The primary objective of this study is to conduct a systematic scoping literature review to
analyze and synthesize the extent, range, and nature of the existing body of knowledge on the
applications of generative Al and LLMs in various aspects of construction management, with
a focus on their potential contributions to Lean Construction. Based on the outcomes of the
literature review, knowledge gaps in the current research landscape are identified to provide a
clearer understanding of areas that require further investigation. These findings are then used
to systematically determine potential directions for future research to ensure that subsequent
studies address critical challenges and opportunities for advancing the integration of generative
Al and LLMs within the framework of Lean Construction.

METHOD

A scoping review is a relatively new method for synthesizing evidence through a
comprehensive and structured examination of the literature. Unlike systematic literature
reviews, which focus on answering specific, well-defined research questions, scoping reviews
aim to explore the breadth of available literature and address broader inquiries. This approach
is particularly suitable for assessing the extent, range, and nature of research activities in
emerging fields and identifying gaps in existing knowledge. Given that generative Al and LLMs
in the construction industry represent a rapidly evolving area of study, a scoping review offers
an effective systematic framework for summarizing current knowledge. Its outcomes can serve
as a foundation for identifying key directions for future research.

SEARCH AND SYNTHESIS PROCESS

The search and synthesis process follows the Preferred Reporting Items for Systematic reviews
and Meta-Analyses (PRISMA) principles and includes six main steps presented in Figure 1
(Tricco et al., 2018).

Determine Identify Design Identify Extract and Synthesize

Eligibility Information Search Relevant Chart Data and Map

Criteria Sources Strategy Documents Evidence

Figure 1: Search and synthesis process
Determining Eligibility Criteria

Any technical publication, including peer-reviewed journal articles, conference proceedings,
and book chapters that investigated potential applications of Al and LLMs in any aspect of
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construction engineering and management is included in the review if it is written in English.
Given the recent nature of the topic, we did not apply any date restrictions.

Identifying Information Sources

We conducted a search for relevant studies in two major bibliographic databases: Scopus and
Web of Science. These databases cover a broad range of publications, including leading
journals and conferences pertinent to the construction sector.

Designing Search Strategy

Our search strategy relies on a search query which examines the existence of different
combinations of phrases linked to generative Al, LLMs, and the construction industry in the
title, abstract, or keywords of a document. The query is TITLE-ABS-KEY (("Large Language
Model" OR "LLM" OR "Generative AI") AND ("aec” OR "construction” OR "civil eng*" OR
"Building Information Modeling" OR "BIM" OR "Built Environment"))

Identifying Relevant Documents

The search yielded 611 studies from Scopus and 201 studies from the Web of Science, with
154 duplicates identified between the two databases. After removing the duplicates, the total
number of potentially relevant studies was reduced to 658. A review of the abstracts revealed
that 73 studies were relevant to the topic of this study. Many of the excluded studies used the
term "construction" in contexts unrelated to the construction industry. For instance, they
referred to concepts like "algorithm construction" in their abstracts or titles. Furthermore, using
a snowballing process to review the abstracts of the references cited in the identified relevant
studies, we found eight additional relevant studies. This increased the total number of
shortlisted documents to 79.

Extracting and Charting Data

In this step, we reviewed the full text of the identified and shortlisted documents to extract data
that described their scope. During this process, we collected two sets of data from each
publication. The first set includes basic attributes such as the publication year, publication type,
and publishing organizations. The second set of data concentrated on the contents of the articles
to describe their technical contributions to the body of knowledge. The oldest study was
published in 2021, and, as shown in Figure 2, there has been a significant surge in the number
of publications since 2022. In terms of the publication type, 51 studies are peer-reviewed journal
articles, followed by 27 conference papers, and one book chapter. Reviewing the full text of the
identified documents revealed that the level of contribution in 19 articles is limited to general
discussions. These papers did not center primarily on generative Al or LLMs in construction
but instead provided broad and general insights into the potential applications of these emerging
technologies in construction projects. While these articles help raise awareness about possible
future solutions based on generative Al, they do not directly advance the scientific or technical
body of knowledge. As a result, our analysis in the final step of the scoping review, which
involves synthesizing and mapping the extracted data, focuses on the remaining 60 studies.
These studies make direct contributions to the body of knowledge in this domain through the
solutions they propose.

Synthesizing and Mapping the Evidence

In this step, we synthesize and analyze the scope of the 60 studies that proposed solutions using
generative Al and LLMs based on the following dimensions: 1) the application of the proposed
solution in the construction industry, 2) the architecture of the proposed generative Al and LLM
solution, 3) the fine-tuning techniques employed, 4) the prompt engineering techniques used,
and 5) the potential challenges in implementing the proposed solutions. The outcomes of this
step form the primary results of the scoping review.
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Figure 2: Number of publications in each year

RESULTS

In terms of the applications of the proposed solutions in the construction industry, the proposed
solutions can be categorized into 14 areas of applications, including design, safety management,
asset management, scheduling, and risk management. Table 1 shows the papers in each category.

Regarding the architecture of the proposed generative Al solution, reviewing the
manuscripts indicated that 53 studies used LLMs. LLMs can be categorized into six groups
based on their architecture (Shao et al., 2024). The first group covers autoregressive models,
such as Generative Pre-trained Transformers (GPT), that predict the next element in a sequence
(e.g., aword in a sentence) based on the chain of previous elements. The second group includes
autoencoding models, such as Bidirectional Encoder Representations from Transformers
(BERT), that concentrate on comprehending input by reconstructing masked or corrupted
segments of text. The third group consists of sequence-to-sequence models, such as GLMs, that
convert input sequences into latent representations and decode them into output sequences. The
fourth group encompasses multimodal models, such as Gemini, that integrate text with other
modalities (e.g., image). The fifth category contains retrieval-augmented models, like RETRO,
that improve language models by incorporating external retrieval mechanisms. Finally, the sixth
category includes hybrid models that combine characteristics from various model types for a
specific application. Table 2 shows the studies in each category, indicating that most of the
studies (i.e., 37 out of 53) use autoregressive models. This is mainly due to widespread
applications of GPT models. The other studies that did not use LLMs, employed Generative
Adversarial Networks (GANs) (Jiang et al., 2024; Liu et al., 2024) and Stable Diffusion models
(Davari et al., 2024; Jo et al., 2024; Lee et al., 2024; Saovana & Khosakitchalert, 2024; He et
al., 2025).

Fine-tuning plays a crucial role in adapting LLMs for specialized applications. LLMs first
undergo general training on a large dataset to develop broad knowledge. Fine-tuning then
customizes the pre-trained model for specific tasks or domain needs. This process trains the
model on a smaller dataset that matches the target application while retaining general
knowledge from initial training. Adjusting the model’s parameters enhances performance on
specialized tasks to improve accuracy and relevance. Many fields use fine-tuning for domain
expertise, including construction management, to ensure more precise and context-aware
outputs. In total, 12 studies explicitly conducted fine-tuning. Eight studies employed supervised
learning. This approach trains the model on a labeled dataset where each input is paired with
the corresponding expected output. This process refines the pre-trained model's parameters to
improve its performance on specific tasks. For example, fine-tuning for text summarization
involves providing the model with example texts (inputs) and their summaries (outputs). The
model learns to map inputs to desired outputs, aligning its behavior with task-specific objectives.
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This method enables the model to leverage its general pre-trained knowledge while becoming
highly specialized for targeted applications.

Table 1: Applications of Generative Al and LLMs in Construction Management

LLMs Application Articles No.

Design and Architecture Zheng and Fischer (2023), Jang et al. (2024b), Forth and 15
Borrmann (2024), He et al. (2025), Wang et al. (2024b), Jang
and Lee (2022), Saka et al. (2024), Jo et al. (2024), Lee et al.
(2024a), Davari et al. (2024), Saovana and Khosakitchalert
(2024), Zhang et al. (2024b), Vaidhyanathan et al. (2023),
Hartanto et al. (2024), Furtado et al. (2024)

Safety Management Uddin et al. (2023), Yoo et al. (2024), Smetana et al. (2024), 6
Dou (2024), Mohamed Hassan et al. (2022), Ray et al. (2024)

Urban Planning and Infrastructure Chen et al. (2024b), Hao et al. (2024), Liu et al. (2024), Jang and 6

Management Kim (2024), Jang et al. (2024a), Andres et al. (2023)

Scheduling and Planning Prieto et al. (2023), Nunez-Morales et al. (2024), Al-Sinan etal. 5
(2024), Amer et al. (2021), Jiang et al. (2024)

Education and Training Uddin et al. (2023), Castelblanco et al. (2024), Ballen et al. 4
(2024), Abril et al. (2024)

Regulatory Compliance Chen et al. (2024a), Jang et al. (2024b), Li et al. (2024) 3

Maintenance and Inspection Zhang et al. (2024a), Pu et al. (2024b), Pu et al. (2024a), Mateev =~ 4
(2023)

Knowledge Management and Lee et al. (2024b), Yi et al. (2024), Zhong and Goodfellow 4

Documentation (2024), He et al. (2024)

Contract Risk Identification Zheng et al. (2024), Wong et al. (2024), Florence et al. (2024), 4
Moon et al. (2022)

Robotic Control You et al. (2023), Luo et al. (2024), Wang et al. (2024c) 3

Stakeholder Communication and Dortheimer et al. (2024), Lee et al. (2024a), Han et al. (2024) 3

Collaboration

Sustainability Maceika et al. (2024), Turhan (2023), Ptoszaj-Mazurek and 3
Rynska (2024)

Literature Review Automation Ito et al. (2024), Jeong et al. (2024) 2

Privacy and Security Management Wang et al. (2024a) 1

Two studies used Low-Rank Adaptation (LoRA) for fine-tuning. This method aims to make
fine-tuning more efficient and cost-effective by significantly reducing the number of trainable
parameters. Instead of updating all the parameters of the pre-trained model, LoRA introduces
small, trainable matrices (rank decomposition matrices) into the model's architecture. These
matrices are added to the layers of the model, and during fine-tuning, only these newly
introduced parameters are trained, leaving the original model weights untouched. LoRA enables
fine-tuning with fewer computational resources and smaller datasets while maintaining or even
improving performance on specific tasks. This makes it a practical approach for adapting large-
scale models to specialized domains or applications.

Two studies employed the Quantized Low-Rank Adaptation (QLoRA) method for fine-
tuning. This method is an advanced process designed to make adapting LLMs even more
resource-efficient. It combines quantization with LoRA to reduce memory usage and
computational requirements without sacrificing performance. In this method, the pre-trained
LLM is quantized, often using techniques like 4-bit quantization, which compresses the model’s
parameters to a lower precision. This significantly reduces the memory footprint while
preserving most of the model's accuracy. Table 3 describes the language model, application,
and fine-tuning methods of the 12 studies that employed fine-tuning.

Prompt engineering serves as a key element in optimizing LLMs for specific tasks. This
process focuses on designing input prompts that guide the model to produce accurate and
relevant outputs. It shapes instructions, examples, or context to enhance performance without
modifying the model’s architecture or applying fine-tuning. Prompt engineering can include
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strategies such as using few-shot learning, where a few task examples are embedded in the
prompt, or zero-shot learning, where the task is described explicitly without examples. The
quality of the prompt plays a critical role in achieving desired results, making it a powerful tool
for maximizing the capabilities of LLMs across a wide range of applications.

Table 2: LLM Architectures

LLMs Architecture Articles No.
Autoregressive Zheng and Fischer (2023), Uddin et al. (2023), You et al. (2023), 37
Ptoszaj-Mazurek and Rynska (2024), Jang et al. (2024b), Pu et al.
(2024a), Chen et al. (2024b), Dortheimer et al. (2024), Jeong et al.
(2024), Maceika et al. (2024), Saka et al. (2024), Yoo et al. (2024),
Smetana et al. (2024), Lee et al. (2024b), Luo et al. (2024),
Castelblanco et al. (2024), Wang et al. (2024c), Prieto et al.
(2023), Turhan (2023), Mateev (2023), Vaidhyanathan et al.
(2023), Zheng et al. (2024), Pu et al. (2024b), Ballen et al. (2024),
Abril et al. (2024), Wong et al. (2024), Florence et al. (2024), Al-
Sinan et al. (2024), Ray et al. (2024), Han et al. (2024), Wang et
al. (2024a), Ito et al. (2024), , Andres et al. (2023), Hartanto et al.
(2024), Amer et al. (2021), Jang and Lee (2022)
Autoencoding Chen et al. (2024a), Li et al. (2024), Forth and Borrmann (2024), 7
Zhong and Goodfellow (2024), Nunez-Morales et al. (2024),
Moon et al. (2022), Mohamed Hassan et al. (2022)

Multimodal Zhang et al. (2024a), Jang and Kim (2024), Jang et al. (2024a), 4
Zhang et al. (2024b)

Sequence to Sequence  Wang et al. (2024b), Hao et al. (2024) 2

Retrieval-Augmented  Yi et al. (2024) 1

Hybrid He et al. (2024), Dou (2024) 2

Table 3: Fine-tuning Method

Articles Language model Fine-tuning method
Zhang et al. (2024) GLM-4 LoRA

Li, et al., (2024) MiniGPT4-7B QLoRA

Jo et al. (2024) GPT LoRA

Lee et al. (2024) GPT-3 and LLaMa QLoRA

Yoo et al., (2024) GPT-2.0 & GPT3.0 Supervised Learning
Forth and Borrmann, (2024) BERT Supervised Learning
Florence et al. (2024) GPT-3 Supervised Learning
He et al. (2024) BERT Supervised Learning
Moon et al. (2022) BERT Supervised Learning
Amer et al. (2021) GPT-2 Supervised Learning
Mohamed Hassan et al. (2022) BERT Supervised Learning
Zhong and Goodfellow, (2024) BERT Supervised Learning

Forty-five studies explicitly described their approach to prompt engineering. Eleven studies
utilized template-based prompting. Nine studies adopted few-shot learning, which includes a
few examples of input-output pairs within the prompt. Six studies employed zero-shot learning,
where no examples are provided in the prompt. Four studies used role-based prompting,
framing the model as playing a specific role to guide responses. Another four studies applied
chain-of-thought prompting, involving step-by-step reasoning within the prompt to encourage
logical responses. The remaining studies employed other methods, such as contextual
prompting, which adds relevant background information to the prompt to enhance
understanding; trigger words prompting, which uses specific keywords or phrases to activate
the model’s knowledge in a particular domain; and iterative prompting, involving repeated
testing and refinement of the prompt to improve performance. Table 4 lists the studies which
discussed their methods for prompt engineering.
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Table 4: Fine-tuning Method

Prompt Engineering Technique Articles No.
Template-Based Prompting You et al. (2023), Smetana et al. (2024), Li et al. (2024), Janget 11
al. (2024a), Wang et al. (2024c), Prieto et al. (2023),
Vaidhyanathan et al. (2023), Zheng et al. (2024), Yi et al. (2024),
He et al. (2024), Jang et al. (2024b)
Few-Shot Learning Zheng and Fischer (2023), Chen et al. (2024a), Zhang et al. 9
(2024a), Maceika et al. (2024), Lee et al. (2024a), Wong et al.
(2024), He et al. (2024), Hao et al. (2024), Saka et al. (2024)

Zero-Shot Learning Zheng and Fischer (2023), Chen et al. (2024a), Zhang et al. 6
(2024a), Wong et al. (2024), Hao et al. (2024), Saka et al. (2024)

Role-based Prompting You et al. (2023), Li et al. (2024), Vaidhyanathan et al. (2023), 4
He et al. (2024)

Chain of Thought You et al. (2023), Chen et al. (2024b), Luo et al. (2024), Dou 4
(2024)

Contextual Prompting Chen et al. (2024b), Li et al. (2024), Prieto et al. (2023) 3

Trigger Words Prompting Jo et al. (2024), Lee et al. (2024a) 2

Iterative Prompting Hao et al. (2024), Turhan (2023) 2

Despite rapid and significant advancements in developing novel solutions for construction
project management using generative Al and LLMs, implementing such solutions remains
challenging. A considerable number of studies that we reviewed in this scoping study discussed
potential technical and practical challenges that need to be addressed when implementing an
LLM. Table 5 lists the identified challenges and the studies that discussed them. Hallucination
and lack of data are the most discussed issues.

Table 5: Challenges of Implementing LLMs

Challenges and Limitations Articles No.
Hallucination Zheng and Fischer (2023), Uddin et al. (2023), Pu et al. (2024a), 10
Dortheimer et al., (2024), Lee et al. (2024b), Jang and Kim (2024),
Zheng et al. (2024), Yi et al. (2024), Dou (2024), Ray et al. (2024)
Data Limitations Zheng and Fischer (2023), Ploszaj-Mazurek and Rynska (2024), Pu 9
et al. (2024a), Lee et al. (2024a), Yoo et al. (2024), Jang and Kim
(2024), Yi et al. (2024), Hao et al. (2024), Moon et al. (2022)
Interpretability and Reliability Pu et al. (2024a), Jang et al. (2024a), Saovana and Khosakitchalert 6
(2024), Yi et al. (2024), Ballen et al. (2024), Hartanto et al. (2024)

Prompt Sensitivity Zheng and Fischer (2023), You et al. (2023), Luo et al. (2024), Yi 5
et al. (2024), Pu et al. (2024b)

Data Privacy and Bias Lee et al. (2024b), Furtado et al. (2024), Castelblanco et al. (2024), 5
He et al. (2024), Luo et al. (2024)

High Computational Costs Zhang et al. (2024a), Hartanto et al. (2024), Lee et al. (2024b), Pu 5

et al. (2024b), Luo et al. (2024)

Lack of Real-Time Knowledge Maceika et al. (2024), Lee et al. (2024b), Yi et al. (2024), Saovana 4
and Khosakitchalert (2024)

Inconsistency in Outputs Uddin et al. (2023), Zhang et al. (2024a), Castelblanco et al. (2024) 3

Inability to Reflect Subjective Maceika et al. (2024), Hao et al. (2024), Mohamed Hassan et al. 3
and Semantic Perspectives (2022)

Lack of Physical Reasoning You et al. (2023), Ploszaj-Mazurek and Rynska (2024) 2
Limited Reasoning Chen et al. (2024a), He et al. (2024) 2
Output Misalignment Jang et al. (2024b), Luo et al. (2024) 2
Harmful Instructions Uddin et al. (2023) 1
Limited Adaptability You et al. (2023) 1
Legal Accessibility Constraints Zhang et al. (2024a) 1
Inability to Generate 3D Models  Lee et al. (2024a) 1
Dependency on Text-Based Data Yoo et al. (2024) 1

Hallucinations pose a significant challenge, especially in applications requiring high reliability,
such as safety management, legal analysis, and technical documentation. This issue refers to
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the phenomenon where the model generates inaccurate or fabricated information that may
appear plausible but is not based on reality or factual data. This can occur even when the model
is prompted with well-defined inputs. The underlying causes include biases in the training data,
limitations in the model’s ability to verify facts, and the nature of LLMs generating responses
based on patterns rather than verifying accuracy. Addressing hallucination issues requires
ongoing research and strategies like model fine-tuning, fact-checking systems, and post-
processing methods.

LLMs require large, high-quality, and domain-specific datasets to learn effectively and
generate accurate outputs. However, data limitations present a significant challenge when
applying LLM:s to construction projects. The absence of structured and standardized data, along
with the scarcity of labeled datasets for specialized tasks, limits their ability to perform
optimally. Furthermore, privacy concerns and data availability from different construction
projects may restrict the model’s capacity to generalize across various scenarios. Overcoming
these data limitations requires efforts in data collection, annotation, and integration from
diverse sources within the construction industry.

DISCUSSIONS AND CONCLUSIONS

Although the reviewed studies highlight the increasing influence of generative Al and LLMs in
the construction industry and lean construction, certain key areas remain insufficiently explored.
Overall, future studies should focus on three main research directions. First, research should
focus on expanding the applications of these technologies in lean construction by enhancing
their decision-making capabilities. One example is the development of intelligent design
systems. Current generative Al research primarily automates basic tasks like object search but
lacks advanced decision-making. Future Al models can support lean construction by optimizing
designs based on aesthetics, functionality, sustainability, and cost while also proposing
innovative alternatives. Real-time safety monitoring and hazard detection with LLM-enhanced
Al is another promising topic in this line of research. Despite some preliminary work listed in
Table 1, future studies may focus on using generative Al to analyze past accidents, predict risks,
and suggest preventive measures on a real-time basis in dynamic site settings. Second, future
research should focus on enhancing existing Al solutions by integrating them with emerging
technologies. Examples include LLM-based natural language interfaces for human-robot
collaboration and generative Al systems combined with Augmented Reality (AR) and Virtual
Reality (VR) to create dynamic, immersive design environments. Finally, future research must
address the existing and emerging limitations of generative Al models, including privacy and
data security, data scarcity, computational costs, hallucinations, bias, reliability, transparency,
and accountability. For example, future studies could focus on designing and implementing
novel methods for fact-checking mechanisms that ground Al models with real-time data sources
to reduce hallucinations. Research could also explore explainability frameworks that improve
transparency by clarifying how Al-generated recommendations and decisions are made.
Developing enhanced model training and fine-tuning techniques with more diverse data and
designing fairness-aware models that identify and neutralize biased patterns should be a target
to address concerns related to ethical considerations. Additionally, multilayer decision-making
procedures, such as human-in-the-loop approaches, could improve the reliability of models by
evaluating outcomes from different perspectives before execution.
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