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ABSTRACT: Construction contracts are complex and contain lengthy textual information which is legally
binding. To fully digest those contracts to extract key information is hard and time consuming and requires
expertise to work on that. Natural language processing (NLP), due to its ability to understand human-like
writing, were researched on in several ways to support the contract checking, validating, developing, or
information extraction. With the recent booming use of Large Language Models (LLMs), a powerful subset
of NLP, its application for textual information is further increasing. This study aims to present a systematic
literature review conducted based on the use of NLP and LLMs in support of construction contract analysis.
Filtering through 81 papers from the Scopus to 19, the review focuses on how NLP and LLM are used in
the construction contract including the method, techniques, and results. A Systematic approach for applying
NLP and LLMs in construction contract analysis is also presented. The review concludes that the use of
NLP and LLMs in construction contract analysis could improve the accuracy of the document, minimize the
potential misunderstanding between the stakeholders, reduce the contact reviewing effort, and fast track
the development process.

KEYWORDS: Construction Contracts, Natural Language Processing, Large Language Model, NLP, LLM,
Contract Analysis

1. INTRODUCTION AND BACKGROUND

In the construction industry, there is a large amount of textual information in digital form which is used in all
the construction processes, ranging from contract, specification, documents for planning, procurement,
method statement, and many others (Yan et al., 2022). Among those, the construction contract is the main
legally binding document which contains all elements and aspects of the agreement between the parties
involved in the project. Such crucial documents require experts to prepare, analyze, and fully understand
them before any final agreement can be reached. Generally, whether following the format of AlA,
Consensus, FIDIC, NEC, or others, the construction contract standards at its core are textually based,
legally binding documents. It contains information to clarify the expectations of each party, illustrate risk
management, indicate all aspects of legal protection, show the project management roadmap, and ensure
monetary responsibility and security, among other details.
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With the advancement of technology, Natural Language Processing (NLP), a field of computer science and
artificial intelligence that can understand natural language such as human writing and speech, has been
extensively researched to facilitate the analysis of construction documents in several ways. Some of those
examples include extracting concepts and its relations for contract review and management (Al Qady and
Kadil, 2010), detecting poisonous clauses (Lee et al. 2019), classifying the contact requirements (Hassan
and Le, 2020), and so on. In the review done by Hussain et al. (2024), many methods and techniques of
NLP were employed to support various textural processing in construction management. While the benefits
of NLP in supporting textual documentation are clear, new capacities of NLP in the form of large language
models (LLMs) have emerged. LLMs gained extensive popularity after the public release of ChatGPT by
OpenAl at the end of 2022 (OpenAl, 2022). Large Language models (LLMs) are deep learning neural
network architectures which were trained on billions of parameters and required massive amounts of textual
input for training. LLMs such as the GPT series by OpenAl, Gemini by Google, Llama by Meta, Sonnet by
Claude, and others can understand long and complex human-like text with remarkable accuracy, even
within the context of their trained data. This leads to the booming use of LLMs in various sectors.

Seeing the surge in popularity of both NLPs and LLMs and their contributions, they are started being used
in the construction sector. An initial review of NLP and LLM usage was performed based on the Scopus
database. With a focus on construction contracts, the literature of related papers was digested, considering
current search trends and the application of NLP and LLMs, in the context of contract analysis. So, this
paper aims to cover the application of NLP and LLM in the construction contract from 2000 to 2025.

2. METHODOLOGY

The Prisma Criteria for systematic review are followed for the processes as shown in Figure 1. The papers
are selected based on their related construction contents and from the construction-oriented database.
Those selected papers are summarized, analyzed, in the use of NLP and LLM in their contract context
application.

Data filtration and Results and

Data collection X . )
analysis discussions

Figure 1: Research methodology

2.1 Datacollection

The data was collected from Scopus, a peer-reviewed and indexed database. Firstly, the search criteria
were defined based on the search term, and the keywords are shown in Table 1. The search criteria were
placed in the advanced search mode with “AND” and “OR” operators. Figure 2 illustrates one of the
advanced search combinations.

Table 1. Search keyword

LLM related Main Key Word Industry Related
NLP Contract Construction
Natural Language Processing Legal document Built Environment
LLM AEC Industry
GPT

Large Language Model
Language Model
Generative Pre-trained
Transformers
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TITLE ABS-KEY ( ( nlp OR "Natural Language Processing OR 'Large Language Model" OR

AND ( construction OR "Built Environment" OR" AEClndustry )
AND ( contract OR "Legal Document"))

AND ( LIMIT-TO ( DOCTYPE, "ch") OR LIMIT-TO ( DOCTYPE, "re" ) OR LIMIT-TO ( DOCTYPE,
cr") ORLIMIT-TO ( DOCTYPE, "cp" ) ORLIMIT-TO ( DOCTYPE, "ar") )

AND ( LIMIT-TO ( SUBJAREA , "ENGI" ) ) AND ( LIMIT-TO { LANGUAGE , "English" ) ) AND (
LIMIT-TO ( EXACTKEYWORD , "Construction Contract” ) )

Figure 2: Exact advanced search options

2.2 Datafiltration and analysis

The initial search results with selected search terms or search term combinations resulted in numerous
papers. Therefore, specific filtering criteria are applied. The first one is to select only in English publications
and published in the related Engineering domain journal or conferences in the last decade. After applying
the first filtration, as shown in Figure 1, the number of papers was reduced from 81 to 60. The second
filtration focuses on papers with extracted keywords such as "Contracts”, “Construction Contract”,
"Construction Contracts”, “Condition Of Contract”, “Conditions Of Contract”, “Construction Contract Risk”,
“Contracts Provisions”, “Contract Preparation”, “Contract Management”, “Contract Complexity”, “Contract
Risk”, “Contractual Documents”, “Contractual Function”, “Contractual Functions”, “Exculpatory Clauses”,
“Engineering Contracts”, “Contract Clause”, “Contract Conditions”, “Contract Document”, “Project
Contract’, “Contract Administration”. The term “smart contract’ is not considered because it refers to
blockchain technology, which is not the focus of this paper. After this 2nd filtration, 27 papers are obtained.
The 3rd filtration focuses on the papers that study or emphasize contract analysis. There are 19 papers in
the final selection.

3. RESULTS AND DISCUSSIONS

After filtering the papers from the selected database, the papers are reviewed based on the specific focus,
such as the aim, the method used, the application of the visual programming language, and the architectural
components that the authors are experimenting with or selecting for their studies, as shown in Table 2.

The reviewed papers show different aspects of applying NLP (rule-based, machine learning-based, and
deep learning-based) to automate information extraction from the contract. These studies offer a range of
insights into the effectiveness and challenges associated with NLP in identifying missing information in the
contract, predicting risk-handling actions, and calculating semantic similarity, as shown in Figure 3 and
Figure 4.
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Figure 3: F1 score value according to the recent publication

CON-162-3



Table 2: Sample Literature Summary

Study Application Area Methodology Data Source Contribution
Al Qady & Concept relathn Natural . Language Construction  Utilized NLP for automatic concept
. extraction in  Processing (NLP), . . . ;
Kandil, . . contract relation extraction, improving
construction automated relation T 8
2010 : documents document categorization and retrieval
contracts extraction
Requirements . . Construction  Developed NLP and ML-based
Hassan & . . . Machine Learning . L
identification in contract framework for automatic classification
Le, 2020 (ML), NLP .
contracts documents of contractual requirements
Jafari et Gengratlng reporting NLP,  Simulation, Construction Applled NLP and simulation to precjlct
requirement S time and cost of contractual reporting
al., 2021 . Cost Estimation contracts .
extraction requirements
Lee et al., Risk identification in Rule-based NLP, FIDIC Implementeq .rule-based NL'.D for
. . contract detecting missing contractor-friendly
2020 FIDIC contract cases risk detection
cases clauses
Padhy et Identification of NLP-based Standard Developed an NLP model to detect
al., 2021 fexculpatory clauses classification contract risk-shifting clauses in contracts
" in contracts conditions
Xue et al., Contract Deep Learning Construction Tested .d.eep learning models .for
2022 summarization (DL), ~ Text contracts summarizing lengthy construction
Summarization contracts
Candas & Identification pf _ FIDIC  Silver Appl_led NLP and ML to detect
. vague clauses in NLP, Machine ambiguous  contractual  clauses,
Tokdemir, FIDIC Silver Book Learning Book improving  clarity and dispute
2022a contracts )
contracts prevention
. S Developed an NLP and ML-based
Candas & Review coordination . . . s
. . . Multi-label Text Construction  system for multi-label classification of
Tokdemir, in construction N
Classification contracts contract clauses by department
2022b contracts
relevance
S T . Developed a rationale-augmented
Shuai, Risk identification in  Rationale- Construction NLP framework using BERT for
contract augmented  NLP, . h
2023 g contracts detecting unilateral contractual
modifications BERT
changes
Hassan et Digitalization of Scope of Developed an NLP framework for
al. 2023 scope of  work NLP framework work extracting and structuring scope of
” requirements obligations work obligations in contracts
Developed a DeBERTa-based NLP
Fu et al. Machlne-_codlng DeBERTa-based Construction model 'for measuring  contract
construction contract complexity based on control,
2023 . NLP model contracts S -
functions coordination, and adaptation
functions
“Classified contract clauses into risk
Prediction of risk- FIDIC project identification, risk allocation, and risk
::hamzozg handling actions in 2:"3’ IfVI L’t-DL' Text  construction  response categories by applying a
an, contracts assihication contracts multitask classification model
integrating shared layers and task”
. NLP, DL, Text Public legal Applied DL and NLP models for
Zhou et Contract missing . : o
- Understanding, document understanding and classifying
al., 2023 clauses Detection e 2 . L
Text Classification websites contract to avoid missing clauses
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Analysis of long

Large Language

Developed an LLM-based approach

Gao et al., construction Models (LLMs), text FIDIC with two-stage segmentation and
2024 segmentation, contracts intelligent Q&A to enhance readability
contracts ; . -
intelligent Q&A and efficiency
Risk identification in Construction Utilized knowledge-augmented LLMs
Wong et . Knowledge- . . S e
construction contract risk to improve contract risk identification
al., 2024 augmented LLMs . . h
contracts databases without fine-tuning
T . Provided theoretical support for the
Identification of risks ) . .
Zhou et in construction NLP. Ontolo FIDIC, AIA, semantic analysis and pragmatic
al., 2024 ' 9y NEC analysis studies of construction
contract clauses
contract clauses
Kazemi & Risk detection in BERT-based NLP, Farsi Implemented BERT-based NLP for
. contracts written in . . : ;
Alvanchi, . deep neural construction detecting risky contract statements in
complex script : e
2025 networks contracts Farsi contracts with high accuracy
systems
Construction FIDIC ggggﬁ‘;/jinNLCZnt?ggt c’\I/IaIIJStransocillnetlc')S rifsc,)I:
Dikmen et contract risk and NLP, ML, Text templates, d 9 ibili .
al., 2025 responsibility Classification actual an _ responsi iy . categongs,
" assessment contracts improving bid preparation and risk
management
. Using NLP and BERT to develop a
, Inherent risks method for generating automatically
Kim et al,, identification in a NLP, BERT FIDIC risk sentence identification rules to
2025 contract document identify risks from the contract
document.

The studies cover diverse categories of contract analysis, from identifying the requirements (Hassan et al.,
2020; Jafari et al., 2021,Hassan et al., 2023) to finding the missing clause in the contract comparing to the
standard contract (Zhou et al., 2023,) or missing contractor’s friendly clause (Lee et al., 2020) and
identifying the potential risks (Wong et al., 2024, Zhou et al. 2024, Kazemi & Alvanchi 2025, Dikmen et al.
2025, Kim et al. 2025). Besides, the abnormal case of the contract clause such as vague (Candas &
Tokdemir, 2022a) or risk-shifting (Padhy et al., 2021) were also investigated. Beyond the strong capability
of contract summarization (Xue et al., 2022, Gao et al., 2024), NLP based framework was also used in
prediction of risk mitigation action (Pham & Ham, 2023), linking risks to relevant responsible department
(Candas & Tokdemir, 2022b) or classifying the complexity of contracts (Fu et al., 2023). This indicates that
NLP coupling with ML and DL and other supported technologies can be applied to different contract
categories, which is flexible and could be widely used.

From the literatures, the NLP is seen playing a crucial role in those studies. NLP was used along side
various technologies such as the rule-based algorithm (Hassan et al., 2020; Lee et al., 2020; Shuai et al.,
2023), machine learning-based algorithm (Shuai et al., 2023) and deep learning-based ones (Kazemi &
Alvanchi 2025). Ontology (Zhou et al., 2024) was also playing an important part of those application.
Bidirectional Encoder Representations for Transformers (BERT), a deep learning model, is used extensive
in supporting the application development (Fu et al., 2023, Shuai, 2023, Wong et al., 2024, Kim et al., 2025,
Kazemi & Alvanchi, 2025). LLM such as Llama model and GPT model was only seen using with the
research of Gao et al. (2024). While many researchers consider BERT as a deep learning model, the model
itself can be a consider a type of LLM. The versatility of NLP and LLM, especially the use of BERT, allows
for their seamless integration with other technologies, depending on the objectives and challenges of the
specific application.

The research methods are varied for the studies; at the testing stage, manual extraction (Padhy et al., 2021)
or classification (Candas et al., 2022a) are applied to identify the clauses and sentences, while some of the
papers directly train the model using the prepared dataset (Hassan et al., 2020; Kazemi et al., 2025).
However, for the validation stage, most of the studies finished the tasks manually (Hassan et al., 2020; Lee
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et al., 2020; Padhy et al., 2021; Candas et al., 2022; Wong et al., 2024), some of them leverage the model
per se (Shuai et al., 2023; Zhou et al.,2024; Pham et al., 2023).

The reviewed papers indicate a strong consensus on the effectiveness of NLP and LLM in extracting target
information, predicting and handling potential risks, and identifying missing information from the contract.
NLP and LLM save the time of going through the contract manually for the professionals and, at the same
time, detect the risk and missing information, which enables the construction projects to develop more
efficiently and accurately, as shown in Figure 3 and Figure 4.
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Figure 4: Systematic approach for applying NLP and LLMs in construction contract analysis

4. CONCLUSION

For a long time, the project managers must read and check contracts manually, which is time-consuming
and error prone. However, with the rise of NLP and LLM, these two models can be applied to skim over the
contract, find if there are any discrepancies or risks that need to be handled, and evaluate the semantic
similarity with other comparable documents. This paper presented a review on applying NLP and LLM
technologies in facilitating contract management processes, highlighting how these tools can enhance
project managers' efficiency, accuracy, and decision-making. The findings underscore the potential of NLP
and LLM to revolutionize contract management in the construction industry and beyond. As these
technologies evolve, their integration into contract analysis systems could pave the way for even more
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sophisticated applications, such as real-time risk monitoring, predictive data analytics, and dynamic
contract generation. Ultimately, this paper contributes to the growing body of research demonstrating Al-
driven tools' value in addressing complex, real-world challenges.
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