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Abstract

Traditional claim management relies heavily on manual analysis and expert judgment,
resulting in inefficiencies, information omissions, and heightened risks of disputes. To
address these challenges, this paper constructs a domain-specific ontology for construction
engineering claims through a five-step process, organizing the relevant knowledge into five
unified core classes. Based on this ontology, a knowledge graph is built and stored in Neo4;.
The resulting knowledge graph-enhanced LLM question-answering system, evaluated
using BLEU-4, BERT-Cosine similarity, ROUGE-1, and ROUGE-L metrics, demonstrates
superior performance compared to both the base LLM and Vector RAG approaches. The
results indicate that the proposed ontology effectively serves the purpose of knowledge
sharing and reuse while providing practical support for construction claim management.

Keywords: construction claim management; knowledge graph; ontology; large language
model; retrieval-augmented generation

1. Introduction

Construction claims play a pivotal role in the construction industry, exerting signif-
icant influence on a project’s overall performance, success, or failure [1]. These claims
directly affect key project outcomes, including schedules, costs, and profitability. When
not managed effectively, they not only erode financial returns but also amplify risks for
all stakeholders involved, potentially leading to substantial delays, cost overruns, and
protracted disputes.

The causes of construction claims are multifaceted and diverse, frequently stemming
from ambiguous contract clauses, frequent design changes, scope creep, unforeseen site
conditions, delayed payments, and disruptions beyond the parties’ control [2]. From the
owner’s perspective, ineffective claim management can substantially undermine overall
project profitability through escalated indirect costs, prolonged disputes, and diminished
returns. Conversely, from the contractor’s viewpoint, robust claim management is essential
for safeguarding legitimate rights, securing fair economic compensation, and promoting
standardized, transparent operations that foster long-term industry credibility.

Traditional claim management approaches rely heavily on manual document review,
expert judgment, systematic documentation, negotiation, and process optimization to iden-
tify entitlements, substantiate claims, and resolve disputes [3,4]. While these methods have
served the industry for decades, they are increasingly inadequate in the face of growing
project complexity, voluminous unstructured data, and the demand for timely, evidence-
based decision making. This reliance often leads to information omissions, insufficient
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evidentiary support, subjective biases, and low processing efficiency, thereby exacerbating
risks of delays, cost overruns, and protracted litigation.

In parallel, the construction sector is undergoing a profound digital transformation,
driven by imperatives of sustainability, intelligence, and operational efficiency. Emerging
technologies—such as artificial intelligence (Al), digital twins, big data analytics, and
knowledge graphs—are increasingly recognized as critical enablers of this upgrade [1,5].
Among these, knowledge graph-based techniques stand out for their ability to structure
domain knowledge, capture complex interrelationships, and support precise retrieval in
knowledge-intensive tasks.

To address the aforementioned limitations, this paper proposes the construction of a
domain-specific ontology for construction engineering claims, encompassing key entities
such as parties, contractual provisions, claim events, evidentiary materials, and legal bases.
Leveraging this ontology, knowledge is extracted from relevant textual sources to populate
a knowledge graph (KG). The resulting KG is then integrated with large language models
(LLMs) through Retrieval-Augmented Generation (RAG), creating an intelligent question-
answering system that grounds responses in structured, verifiable domain knowledge. This
approach aims to enhance factual accuracy, reduce hallucinations, improve traceability,
and facilitate efficient knowledge management, thereby advancing intelligent practices in
construction claim handling.

The remainder of this paper is organized as follows: Section 2 reviews related work in
construction claim management, ontology engineering, knowledge graphs, and Retrieval-
Augmented Generation; Section 3 details the research framework and methodology;
Section 4 presents the experimental setup and results; Section 5 discusses the findings,
implications, and limitations; and Section 6 concludes this paper and outlines directions for
future research.

2. The Literature Review
2.1. Claim Management

A substantial body of research has investigated claim management in the construction
industry, with a primary focus on identifying the types, causes, frequency, severity, and
impacts of claims across various project contexts and regions.

For instance, ref. [6] quantitatively examines the relationship between rework causes
and contractual claims, categorizing rework factors into process-related, management and
planning, material and equipment, and human resource dimensions. Ref. [7] evaluates
the causes, frequency, and severity of claims in Indian highway projects, distilling 22 key
causes and proposing mitigation strategies. Ref. [8] employs machine learning methods to
quantify the effects of three major claim categories—Delay, Extra Work, and Differing Site
Conditions—on overall project performance.

Studies specific to certain regions include [9], which identifies variations, contractor
delays, and inadequate site investigations as the most frequent causes in UAE road projects.
Ref. [10] analyzes root causes and interaction mechanisms of contractors’ claims in interna-
tional EPC projects from the perspective of Chinese contractors, using industry surveys,
structural equation modeling, and case studies. Ref. [11] systematically investigates how
claim events contribute to project delays, quantifying the influence of key causes through
factor analysis and structural equation modeling. Ref. [12] uses questionnaire surveys
among UAE construction practitioners to analyze claim types, causes, frequency, and sever-
ity, offering preventive recommendations. Ref. [13] applies complex network theory and
interpretive structural modeling to map cause networks, critical paths, and hierarchical
structures in hydropower claims, aiming to improve management effectiveness.
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Additional regional studies encompass [14], which quantitatively examines major
issues and root causes faced by contractors in Thai public building projects via surveys;
ref. [15], which analyzes archival data from completed projects to explore claim types,
frequency, magnitude, and their relation to original contract amounts; and [16], which
surveys contractors in the Gaza Strip to assess claim causes and their relative importance,
providing management recommendations from the contractors’ viewpoint.

Despite these advancements, the majority of existing research concentrates on the
types and causes of claim events, while other critical elements of claim management—such
as evidentiary materials, legal bases—remain underexplored. Consequently, there is a lack
of a comprehensive knowledge framework that holistically describes the full spectrum of
construction claim management processes.

To address this gap, this paper constructs a domain-specific ontology for construction
claims, providing a more comprehensive and structured representation of claim man-
agement. This ontology serves as the foundation for subsequent knowledge extraction,
knowledge graph construction, and intelligent applications in the field.

2.2. Retrieval-Augmented Generation with Knowledge Graph

With the latest advancements in LLMs, their synergistic integration with KGs has
garnered increasing attention. The structured advantages of KGs provide robust support
for multi-hop reasoning [17,18] and complex logical queries, effectively addressing the
shortcomings of traditional RAG approaches that rely solely on vector similarity retrieval.
This integration significantly enhances LLMs’ reasoning capabilities [19-21] and global
contextual understanding [22]. Moreover, by explicitly storing entities and relationships,
KGs confer greater interpretability [23] and factual accuracy [24] to the system. Compared
to conventional databases, KGs also offer superior capabilities for dynamic knowledge up-
dating, as exemplified by dynamic data-driven methods for railway bridge construction KG
updates. KG-enhanced LLMs are primarily applied in question-answering systems [25-27]
and recommendation systems [28-31], demonstrating substantial value across various
industries. For example, ref. [32] introduced ChatDiet, an LLM-powered framework for
nutrition-oriented food recommendations, achieving a 92% effectiveness rate in food rec-
ommendation tests. Ref. [33] exploited the structured knowledge grounding benefits of
KGs to mitigate hallucinations in LLM-based sentiment extraction and reduce noise from
heterogeneous information fusion, thereby improving recommendation accuracy and di-
versity. Ref. [34] constructed a pan-cancer KG to develop a pan-cancer question-answering
benchmark, promoting the discovery of novel drug repurposing opportunities through
potential drug-cancer associations while minimizing factual errors in reasoning. Ref. [35]
built a KG from historical customer service tickets, leveraging the graph’s structural preser-
vation and relational modeling strengths to improve retrieval precision, preserve intra-
and inter-issue structures and relationships, as well as to alleviate information loss caused
by text chunking, ultimately enhancing the efficiency and quality of customer service
question answering.

In construction domain, KGs have been extensively applied by researchers in sub-
domains such as safety management and contract management. Ref. [36] proposed Con-
STRAG, an LLM-driven multi-agent framework that integrates LLMs with KG reasoning
to generate personalized safety training materials for construction workers. Ref. [37]
integrated LLMs with a Nested Contract Knowledge Graph (NCKG) through a Graph
Retrieval-Augmented Generation (GraphRAG) framework, thereby improving retrieval
and reasoning performance in contract review tasks. Ref. [38] developed a KG-enhanced
LLM framework for question answering in hydraulic structure safety management.
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Numerous studies have explored effective strategies for integrating knowledge graphs
with large language models to enhance their reasoning and generation capabilities. These
efforts have validated the effectiveness of GraphRAG and demonstrated its advantages in
improving factual accuracy, reducing hallucinations, and supporting complex multi-hop
reasoning. Collectively, they offer valuable insights into knowledge retrieval mechanisms,
graph representation learning, and structured reasoning over knowledge graphs, thereby
providing a solid theoretical and methodological foundation for the present work.

Building on these advancements, this study proposes a RAG framework based on
a domain-specific knowledge graph for construction claims, applied to large language
models, with the aim of advancing the intelligent management of construction claims.

2.3. Research Gaps

Despite these valuable contributions, several critical gaps remain in the current body
of knowledge:

1. Lack of holistic integration of domain knowledge

The majority of studies concentrate narrowly on the causes of claims, while other
essential elements of claim management are rarely addressed in a systematic and integrated
manner. There is an absence of a comprehensive knowledge framework that encompasses
all relevant aspects of the entire claim management lifecycle.

2. Lack of efficient and accurate decision-support methods, traditional claim

Management still relies heavily on manual document analysis, expert judgment, and
experience-based reasoning. This approach is time-consuming, labor-intensive, prone
to information omission, and limited in processing efficiency, especially when dealing
with large volumes of unstructured textual data. Consequently, it struggles to provide
timely, accurate, and consistent support for complex decision making in claim identification,
substantiation, and resolution.

3. Risk of overlooking uncommon or complex claim scenarios

Due to the heavy dependence on practitioners’ personal experience and manual
processes, less frequent or highly context-specific claim scenarios are easily overlooked or
incompletely analyzed. Without a structured, exhaustive knowledge representation, it is
difficult to ensure comprehensive coverage of all possible claim events, legal provisions,
and evidentiary requirements, which increases the risk of incomplete claims, inequitable
outcomes, and prolonged disputes.

To bridge these gaps, this study proposes the construction of a domain-specific on-
tology for construction claims, followed by knowledge extraction to build a knowledge
graph, and the integration of this graph with large language models through RAG. This
approach aims to establish a comprehensive, structured, and intelligent knowledge manage-
ment system that supports efficient, accurate, and holistic decision making in construction
claim management.

3. Methodology

This section outlines the overall methodological framework adopted in this study to
develop an intelligent question-answering system for construction claims. The proposed
approach integrates domain-specific knowledge representation with modern RAG tech-
niques, aiming to overcome the limitations of traditional manual claim management and
conventional RAG methods. The overall research framework is illustrated in Figure 1, and
the methodology comprises four main sequential steps:

Step 1: Domain data collection. A diverse corpus of construction claim-related tex-
tual data was collected to serve as the primary knowledge source. This includes: laws,
regulations, and normative documents governing construction activities and claims; judg-
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ments sourced from China Judgments Online and construction claim reports from actual
construction projects; and academic research papers.

Step 2: Construction of the construction claim domain ontology. A formal domain
ontology for construction claims was developed following the seven-step ontology devel-
opment methodology. The ontology defines core classes, object properties, and datatype
properties. This structured schema captures the essential concepts, relationships, and
constraints inherent to claim management processes, providing a reusable and semantically
consistent foundation for subsequent knowledge extraction and graph population.

Step 3: Knowledge graph construction. Utilizing the predefined ontology as a schema,
a knowledge graph was automatically populated from the collected textual corpus. Large
language models were employed to assist in entity recognition and relation extraction,
identifying candidate instances of predefined classes and relations, with all extracted results
subject to manual verification and correction by domain experts. The resulting KG was
stored in Neo4j, enabling efficient traversal, multi-hop reasoning, and structured querying
over complex claim-related knowledge.

Step 4: GraphRAG-based question-answering system and evaluation. The populated
knowledge graph was integrated into a GraphRAG pipeline, where retrieval was performed
via graph traversal rather than purely vector-based similarity search. Retrieved subgraphs
or relevant triples were injected as context into the LLM prompt, enabling the generation
of accurate, traceable, and domain-grounded answers to claim-related queries.

Preprocessing Extract . L
—_— .

Knowledge Graph . Al ,' .

A J

Laws and regulations/ . )
Cases/ Existing research Stepl h Retrieval
; ———» Large Language Model
Database

Step4

Predefined " -
:
_ Entity and Relationship

Step2

Step3
Figure 1. Flowchart of the methodology.

3.1. Ontology Design

This study employs the seven-step ontology development methodology to construct
a domain ontology for construction claims, thereby achieving standardized knowledge
representation and structured organization. Seven-step method is an ontology development
method proposed by the Stanford University [39]. This method consists of seven explicit
steps: 1. determine the domain and scope of the ontology; 2. consider the reuse of existing
ontologies; 3. enumerate important terms in the ontology; 4. define the classes and the
class hierarchy; 5. define the properties of classes—slots; 6. define the facts of the slots; and
7. create instances. To the best of our knowledge, there is no previous research on the
ontology construction in construction claim domain, so we skipped step 2 in this research.
A development method with five steps was summarized based on the seven-step-method,
as shown in Figure 2.

Step 1: Determine the domain and scope of the ontology

The ontology constructed in this study defines classes and properties that are designed
to be generally applicable to construction claims across all jurisdiction. However, the
population of instances is limited to Chinese construction projects. This restriction arises
because laws, regulations, normative standards, and contractual practices vary significantly
across countries and regions, and the classification criteria for claim items—such as cost
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breakdowns and valuation methods—are not fully consistent internationally. Therefore,
this research is primarily conducted based on China’s prevailing management standards
and practices and industry practices. Furthermore, with respect to the involved parties,
the present study focuses exclusively on claims occurring between the employer and the
general contractor.

' N\
1.Determine the
domain and scope of
the ontology
\ J
2.Enumerate
important terms in the
ontology

v

e R
3.Define the classes
and the class

|

| ;
hierarch
Define the properties | | erarchy
| of classes-slots |
| J ( N
| I 4.Define properties
( ) I and relations

| | Define the facets of \ )
| the slots | ¢

5.Create instances

—

Figure 2. Overview of the development method with five steps.

Step 2: Enumerate important terms in the ontology

In this study, the primary knowledge sources for constructing the domain ontology
are relevant laws and regulations, judicial cases, project-related claim documentation, and
existing academic research. These four main categories are outlined as follows:

1. Laws and regulations: Laws and regulations specify the types of construction events
that qualify for cost and schedule claims, identify the responsible party for each type of
claim event, and provide the specific legal or contractual clause references as the basis for
entitlement. In addition, certain clauses explicitly list the items that should be claimed.
In this study, the following key Chinese legal and normative documents were referenced,
with clauses related to construction claims selectively extracted and incorporated into the
ontology: (a) Civil Code of the People’s Republic of China, (b) Construction Project Con-
struction Contract (Model Text) (version GF-2017-0201), (c) Standard for bills of quantities
and valuation for construction works (version GB/T 50500-2024), and (d) Interpretation (I)
by the Supreme People’s Court on Issues Concerning the Application of Law in the Trial of
Cases Involving Disputes over Construction Contracts for Construction Projects.

2. Cases: The case corpus comprises 31 judgments sourced from China Judgments
Online and 13 construction claim reports from actual construction projects. From judgments
sourced from China Judgments Online, adjudication rulings specifically pertaining to
construction contract disputes between the employer and the contractor were selected.
Typically, a single adjudication document addresses multiple issues, such as contract
validity, determination of the actual constructor, and the starting date for interest accrual.
Non-claim-related content and irrelevant information were subsequently removed. During
the screening process, a strict distinction was maintained between construction claims and
liquidated damages, with compensation for liquidated damages excluded from the scope
of construction claims.
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These materials provide concrete factual instances, judicial interpretations, evidentiary
evaluations, legal applications, and practical outcomes, serving as critical sources for
instantiating entities, relationships, and attributes in the knowledge graph.

3. Existing research

Existing research including [6-14] are referred to in this study. Existing research has
extensively investigated the causes of construction claims and the causal relationships
among these causes. Typically, ref. [13] summarizes 58 causal factors of construction claims
and identifies 140 claim causation chains.

Step 3: Define the classes and the class hierarchy

Starting from the specific concepts identified in Step 2, a bottom-up abstraction process
was adopted to progressively generalize them into higher-level, more universal parent
classes. Throughout this process, consultations were conducted with professors specializing
in the teaching of construction claims and construction management research, as well
as with practitioners responsible for cost management from both owner and contractor
organizations, to ensure the scientific validity, practicality, and domain appropriateness
of the proposed class hierarchy. Through iterative refinement and expert feedback, the
ontology was ultimately distilled into five primary top-level classes: Claim Event, Party,
Claim, Evidence Material, and Contract/Law /Regulation. These core classes serve as the
foundational structure for representing the essential elements and relationships involved
in construction claim management.

Claim Event refers to any event occurring during the performance of a construction
contract that results in a deviation between the actual circumstances and the contractual
provisions, thereby causing changes to the project duration and/or costs. Common claim
event types are shown in Figure 3. Relevant laws, regulations, and standard contract
templates typically describe such events by assigning responsibility to one party for po-
tential time or cost implications, or by delineating the obligations of the employer and the
contractor that give rise to claim entitlements. For example, Article 805 of the Civil Code of
the People’s Republic of China provides that, if the employer alters the plan or supplies
inaccurate data leading to rework in survey or design, additional costs shall be paid by
the employer. In this clause, the employer’s plan alteration or provision of inaccurate data
constitutes a claim event, with the employer bearing liability for the resulting cost losses.
When a causal relationship exists between claim events, they are linked via the “cause”
relation—for instance, a design drawing change may cause project delay.

Contract/Law/Regulation denotes specific contractual or legal clauses that serve as
the basis for a claim event or associated loss. The main laws and regulations in China regard-
ing provisions for construction/engineering claims are shown in Figure 4. An illustrative
example is Clause 7.5.1 of the General Terms in the Construction Project Construction
Contract (Model Text) (version GF-2017-0201), which provides grounds for project delays
attributable to the employer. In the construction industry in China, the primary laws,
regulations, and normative documents related to construction claims mainly include Civil
Code of the People’s Republic of China, Construction Project Construction Contract (Model
Text) (version GF-2017-0201), Standard for bills of quantities and valuation for construction
works (version GB/T 50500-2024) and Interpretation (I) by the Supreme People’s Court on
Issues Concerning the Application of Law in the Trial of Cases Involving Disputes over
Construction Contracts for Construction Projects.

The parties to a construction claim consist of the claimant and the respondent, as
shown in Figure 5, which are typically the employer and the contractor. These entities are
linked to the claim event via the relations “as claimant” and “as respondent”, respectively.
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—)[ Claimant ]

Figure 5. Party taxonomy.

_)[ Respondent ]

Evidence Material encompasses all documents produced during project construction
that can corroborate a claim event or loss, including meeting minutes, correspondence
letters, and visa records from the construction process. The common types of evidence
materials are shown in Figure 6. In adjudication documents of construction claim cases, ev-
idence submitted by the claimant is not invariably accepted as valid; materials must satisfy
specific conditions—such as complete signatures or seals, or explicit owner agreement—to
be admissible. Based on judicial evaluations of validity in the cases, an “isValid” attribute
is assigned to evidence nodes to indicate whether the material serves as effective proof.
When evidence is invalid, an additional “reasonForInvalid” attribute is included to specify
the grounds for rejection.

—> Meeting Record
'4 \
—> Correspondence
. J
»| Wage Payment Sheet

,
\

Rectification Notice

Evidence Material ]—'

-

Variation Confirmation

\ J

s w

Photographic Evidence

Vv oy

Figure 6. Excerpt of the evidence material taxonomy.

Claim primarily covers claims for extension of time and additional costs. Common
types of claims are shown in Figure 7. In adjudication documents, losses claimed by the
claiming party are ultimately determined as substantiated or unsubstantiated. Accordingly,
an “isSubstantiated” attribute is added to loss nodes to specify whether the claim for that
particular loss was upheld. If unsubstantiated, a “reasonForUnsubstantiated” attribute is
included to explain the grounds for denial.

Step 4: Define properties and relations

The class taxonomies alone cannot provide sufficient information to fully describe a
complete construction claim event. Therefore, the required additional details are captured
as properties of the classes.
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The properties of classes include Value Properties and Object Properties. Value Prop-
erties represent intrinsic characteristics or attribute values of the class itself. For example,
in the judgment document of a construction claim event, a value property might indicate
whether a particular evidence material is valid, along with the specific reasons for invalid.
Object Properties define relationships between the current class and other classes in the
domain. For example, a relationship such as ClaimEvent — hasClaimant — Party links a
claim event to the party asserting the claim.

Figure 8 presents the key properties defined for the primary classes, together with
their respective data types.

has_respondent
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| Evidence Material
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result_in  contain

[ Contract/Law/Regulation
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|
|
I
|
A 4
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Is substantiated String

String

Reason_for_unsubstantiated

T
|
|
|
I
I
I
+

Property Data type

Content

—»  Cross tree relation

— — — P» Attributive relation

Figure 8. Properties and relations defined in ontology.

Step 5: Create the instances

All instances are stored and managed in a Neo4j graph database, which facilitates
efficient storage, querying, and traversal of the resulting knowledge graph. Neo4j's query
flexibility arises from its Cypher query language—a declarative, intuitive, and highly
optimized mechanism for complex relationship traversals—enabling developers to express
queries concisely without requiring extensive procedural expertise. The official neo4j-
graphrag Python package delivers comprehensive end-to-end GraphRAG workflows, with
seamless integration to the Neo4j driver for knowledge graph construction, hybrid retrieval,

https:/ /doi.org/10.3390/buildings16040845


https://doi.org/10.3390/buildings16040845

Buildings 2026, 16, 845

11 of 20

and generation pipelines—demonstrated using Python 3.10.10, Neo4;j server 5.26.10, and
Bolt protocol version 5.8.

Guided by the predefined ontology schema—including classes, object properties,
and data properties—a semantic network is systematically constructed from construction
claim-related texts.

Partial results of the instantiated knowledge graph are illustrated in Figure 9. In this
visualization, the subgraph centered on claim case derived from the adjudication document
numbered “(2019) Supreme People’s Court Civil Final No. 1085” serves as a representative
example. As illustrated in Figure 9, the knowledge graph visually represents this claim
case, highlighting key relationships such as “Delay in Work — Claiming Party — Beijing
Urban and Rural Company”, “Delay in Work — Caused Loss — On-site Personnel Wages”,
and “Wage Payment Records — Supporting Evidence — On-site Personnel Wages”. The
figure presents a knowledge graph grounded in the factual circumstances of case, depicting
the evidentiary materials proving the occurrence of the claim event, the reasons why
certain evidentiary materials were deemed invalid. This instantiation process transforms
abstract ontological concepts into a populated, queryable knowledge graph that faithfully
represents real-world claim scenarios.
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Figure 9. Knowledge graph for construction claim (Partial).
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The visualization of the knowledge graph equips practitioners with abundant domain
knowledge, thereby facilitating effective claim management. For example, Claim event
nodes provides owners and contractors with a comprehensive overview of potential claim
events and their precursor risks early in the project lifecycle, including less common events
that are prone to oversight in daily operations. evidence material nodes allows contractors
to recognize claim submission risks during the initial project stages and gain a thorough
understanding of the evidentiary requirements for particular claim events.

3.2. Application and Evaluation

The constructed KG is then integrated with LLMs via RAG to form a specialized
question-answering system capable of addressing claim-related queries. The performance
of three configurations—(a) Base LLM, (b) Vector RAG, and (c) GraphRAG—is evaluated
by comparing the generated answers against high-quality reference answers.

The input questions are carefully designed to align directly with real-world claim
management tasks. For each question, responses generated under the three scenarios are
quantitatively evaluated against the corresponding, reference answer using the widely
adopted automatic metrics BLEU-4 [40], BERT-Cosine [41], ROUGE-1 and ROUGE-L [42].

BLEU-4 measures the surface-level n-gram overlap (up to 4 grams) between the
generated text and the reference text, with a focus on precision. It is particularly suitable
for tasks requiring strict adherence to standardized phrasing or template-like outputs such
as machine translation or formal document generation. However, BLEU-4 tends to penalize
valid paraphrasing, synonym substitution, and natural linguistic variation, which limits its
sensitivity to semantic equivalence in more open-ended generation settings.

BERT-Cosine computes the cosine similarity between sentence embeddings produced
by a BERT-based model for the generated and reference texts. By operating at the semantic
level, this metric effectively captures meaning-preserving reformulations and is robust to
differences in lexical choice. It is especially well-suited for evaluating question-answering
and dialogue systems where semantic fidelity and conceptual alignment are more important
than exact word matching.

ROUGE-1 measures unigram overlap between candidate and reference texts. It is
defined in Equation (1)

Number of overlapping unigrams

ROUGE-1 = - :
Total unigrams in reference

1)

This is a recall-oriented metric. To compute Precision, Recall, and F1, refer to
Equations (2)—(4):
_ Overlapping unigrams

P = 2
! Unigrams in candidate @)
R, — Overlapping unigrams 3)
e Unigrams in reference
2-P-Ry
Fli = ——— 4
! P+ R4 @)

ROUGE-L uses the Longest Common Subsequence (LCS) to measure sentence-level
structural similarity. Its precision, recall, and F1 are defined in Equations (5)—(7):

LCS(X,Y)
pp=—""7 5
] ] )
LCS(X,Y)
Ry = —x7" 7 6
! Y] (6)
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The performance of the three LLM methods (GraphRAG, Vector RAG, and Base

LLM) is objectively and scientifically compared by following these steps to determine

FlL:(

)

whether the observed differences in their scores across various evaluation metrics are
statistically significant.

1. Aggregation of Scores Within the Domain

For each evaluation metric, we collect the scores of all models (GraphRAG, Vector
RAG, and Base LLM) across the evaluated instances.

2. Kruskal-Wallis Overall Test

We first apply the Kruskal-Wallis test to determine whether there are statistically sig-
nificant differences in the score distributions among the three models. The null hypothesis
is that all models have identical score distributions. If the p-value is less than 0.05, we reject
the null hypothesis and proceed to pairwise comparisons.

3. Mann-Whitney U Pairwise Comparisons

For post hoc analysis, we conduct pairwise Mann-Whitney U tests on all possible
combinations of the three models (resulting in 3 pairs). For each pair, we compute the
U statistic, the corresponding p-value, and assess whether the score distributions differ
significantly between the two models.

ni(ny+1)

U=R - ==

(®)

Here, R denotes the sum of ranks for the first group, and n represents the sample size
of that group.

4. Significance Level and Marking

Statistical significance is assessed at « = 0.05. Differences with p < 0.05 are marked
with *, p < 0.01 with **, and p < 0.001 with ***.

4. Experiment

This section employs the claim event “work stoppage” as a representative case to
evaluate the effectiveness of the proposed GraphRAG framework in a question-answering
system for construction claims. Three baseline scenarios are compared: (a) Base LLM,
(b) Vector RAG, and (c) GraphRAG. Under each scenario, the models are tasked with
answering the following four domain-specific questions: (a) what events can lead to
the claim event “work stoppage”, (b) what compensable items are available for claims
arising from the “work stoppage” event, (c) what evidentiary materials can support claims
triggered by a “work stoppage” in a construction project and how can these materials be
ensured to meet legal validity requirements, and (d) which laws, regulations, or contractual
clauses are primarily implicated in claims resulting from a “work stoppage” event in a
construction project.

In GraphRAG, the retrieval process begins by identifying key entities and concepts
from the input query. Relevant nodes and their associated relationships are then ex-
tracted from the knowledge graph based on these query elements. The retrieved sub-
graph—comprising the selected nodes, edges, and related attributes—is converted into
structured text and incorporated as contextual prompt information for the LLM. Leveraging
the LLM’s powerful generation capabilities, the model synthesizes a coherent, accurate,
and contextually grounded answer based on this precisely retrieved domain knowledge.

In Vector RAG, the retrieval process relies on semantic similarity: the embedding
model computes vector representations of both the input query and the pre-split text
chunks; then, it ranks and selects the top-k most semantically similar chunks from the
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corpus. These retrieved chunks are subsequently formatted and provided as contextual
prompt information to the LLM, which leverages this retrieved content to generate the
final answer.

In all three experimental scenarios, we adopt DeepSeek-Chat as the base large language
model to ensure fair comparison. For the Vector RAG configuration, we employ OpenAl’s
text-embedding-3-large as the embedding model to generate dense vector representations,
combined with jina-reranker-v3 as the reranker. The reranker re-orders the initial candidate
documents according to their semantic relevance to the user query, thereby refining and
improving the quality of the final retrieved context beyond pure vector similarity. The
retrieval pipeline uses a parent-document chunk size of 1024 tokens and a child-document
chunk size of 512 tokens, with an overlap of 100 tokens between consecutive child chunks.
During inference, we retrieve the top-10 most relevant child chunks after embedding-based
retrieval and reranking, which are then passed to the LLM for generation.

For each of the four questions, three independent responses are generated under each
scenario (Base LLM, Vector RAG, and GraphRAG), resulting in a total of 36 generated
answers. These responses are provided in Supplementary Text S1. Each generated an-
swer is then quantitatively compared against a high-quality reference text using multiple
evaluation metrics, including BLEU-4, BERT-Cosine similarity, ROUGE-1, and ROUGE-L.
For every question, the two scores per scenario are averaged to obtain a per-question
mean score per metric. The mean values and statistical significance levels for GraphRAG,
Vector RAG, and Base LLM on the BLEU-4 score are presented in Figure 10. Similarly, the
mean values and significance levels for these three approaches on BERT-Cosine similarity,
ROUGE-1, and ROUGE-L scores are shown in Figure 11, with complete individual scores
and comparisons provided in Supplementary Table S1.

30 sok
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Base LLM Vector RAG GraphRAG

Figure 10. Performance comparison of different RAG architectures on BLEU-4 score. (Difference with
p < 0.01 is marked with **).
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Figure 11. Performance comparison across retrieval and generation metrics: base LLM, vector-based
RAG, and GraphRAG. (Differences with p < 0.05 are marked with *, p < 0.01 with **, and p < 0.001
with **¥),

GraphRAG significantly outperforms both Vector RAG and the baseline LLM across
the majority of automatic evaluation metrics. Its most pronounced statistical advantages
appear in recall-oriented and composite F1 metrics, with the strongest gains observed in
recall of key facts. Specifically, GraphRAG achieves substantially higher ROUGE-1 Recall
and ROUGE-L Recall scores compared to Vector RAG (with p-values < 0.001, indicating
very strong statistical significance) and also shows clear superiority over the baseline LLM
(p < 0.01 for ROUGE-1 Recall and p < 0.05 for ROUGE-L Recall). This demonstrates that
GraphRAG’s structured retrieval mechanism enables far more comprehensive coverage
and retrieval of relevant knowledge points from the knowledge base—representing its
primary and most significant strength. Interestingly, on recall metrics, the baseline LLM
actually exhibits higher average performance than Vector RAG. In Vector RAG, although
query-relevant chunks are retrieved, important knowledge points are often scattered across
many chunks. Due to the fixed top-k retrieval limit, this frequently results in redundant
information among the selected chunks, incomplete coverage (as some critical details fall
outside the top-k results), and the introduction of noise or inaccuracies stemming from
purely semantic similarity-based matching. In terms of precision, both GraphRAG and
Vector RAG show noticeable advantages over the baseline LLM. By grounding generation
in retrieved content from a verifiable knowledge base, RAG-based approaches substantially
improve answer fidelity, reduce hallucination rates, and ensure outputs remain closely
aligned with the provided source material.

5. Discussion

Our empirical evaluation of the proposed GraphRAG framework—built upon a knowl-
edge graph constructed from a domain-specific ontology tailored to the construction claims
domain—demonstrates superior performance compared to Base LLM and Vector RAG
approaches. This superiority is clearly shown across multiple evaluation metrics, including
BLEU-4, BERT-Cosine similarity, ROUGE-1, and ROUGE-L. By incorporating domain-
specific knowledge extracted from industry texts, our method significantly improves the
precision and recall of the LLM’s retrieval process through more accurate and structured
retrieval mechanisms. This integration results in answers that are both more precise and
more comprehensive, effectively addressing the limitations of conventional chunk-based
retrieval, such as insufficient diversity, as well as potential inaccuracies caused by se-
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mantic similarity mismatches. In contrast, Vector RAG often retrieves chunks that fail
to capture complete or non-redundant information due to top-k limitations, frequently
introducing noise or omitting critical details. GraphRAG, however, leverages structured
entity-relationship traversals within the knowledge graph to achieve more accurate and
holistic knowledge coverage, ultimately producing responses that are semantically closer
to the reference answers while exhibiting higher levels of precision and recall.

Furthermore, the KG-based architecture facilitates dynamic knowledge updates, en-
abling the seamless and real-time incorporation of newly emerging claim elements—such
as updated contractual clauses, revised legal precedents, or novel evidentiary require-
ments—without necessitating retraining of the underlying LLM. This capability allows
practitioners to promptly query and leverage the most current domain knowledge, en-
suring that responses remain aligned with the latest developments in the field. This
real-time adaptability is complemented by enhanced traceability, as each retrieved knowl-
edge element can be directly linked back to its source ontology or textual origin, fostering
transparency and verifiability in model outputs. In terms of interpretability, GraphRAG
demystifies the Retrieval-Augmented Generation process by exposing the traversed graph
paths and entity relations, allowing users to scrutinize the logical chain from query to
response, which contrasts with the opaque nature of vector embeddings.

Query efficiency is another key benefit, as graph queries can be optimized through
indexing and traversal algorithms, potentially reducing latency compared to exhaustive
vector similarity searches over large corpora, especially in scenarios with complex, multi-
hop relations. The ontology-driven knowledge extraction process itself represents a pivotal
advancement, distilling focal domain knowledge from unstructured texts into a structured
KG representation that faithfully captures intricate interdependencies among claim-related
entities. This KG-augmented RAG paradigm elevates LLM efficacy by providing con-
textually precise knowledge injections, resulting in more accurate depictions of domain-
specific nuances while bolstering interpretability and user confidence in the reliability
of generated outputs. Overall, these attributes position GraphRAG as a robust solution
for domain-adapted language modeling, with implications for scalable applications in
knowledge-intensive industries.

This study holds substantial theoretical and practical implications for advancing
knowledge-intensive applications in construction claims.

Methodologically, the primary contribution of this study lies in the development
of a comprehensive domain-specific ontology for the construction claims domain. This
ontology systematically formalizes the core concepts, entities, relationships, and attributes
involved in claim management processes. Building upon this ontological foundation, a
structured knowledge graph is constructed from domain texts and subsequently integrated
with large language models through RAG, enabling contextually grounded, and factually
reliable question answering in the field of construction claims. This end-to-end method-
ological pipeline—from ontology design and knowledge graph population to GraphRAG
implementation—offers a replicable and transferable framework that can be adapted to
other knowledge-intensive domains requiring structured domain knowledge infusion and
enhanced reasoning capabilities in large language models.

On the practical front, the proposed GraphRAG framework empowers practitioners
in construction project by delivering accurate, traceable, and interpretable claim-related
insights, reducing decision-making uncertainties in dispute resolution and contract manage-
ment. By mitigating hallucinations through KG-grounded retrieval, it supports real-time
knowledge updates and queries, allowing professionals to access up-to-date information
on evolving regulations and precedents without extensive manual research. This not only
streamlines workflows in legal and project management contexts but also fosters more
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reliable Al-assisted tools for industry stakeholders, potentially lowering litigation costs
and improving compliance efficiency in dynamic construction environments.

However, this research presents some limitations.

First, the scope of the ontology and populated knowledge graph remains geographi-
cally and jurisdictionally constrained. Although the ontology is designed with sufficient
generality to accommodate construction claims worldwide, the instantiated knowledge
graph primarily incorporates Chinese legal frameworks, regulations, precedents, and case
examples due to resource and data availability constraints. This limits the framework’s
immediate applicability to global, cross-border projects where local laws, cultural dispute
resolution practices, or jurisdiction-specific precedents play a dominant role.

Second, the current approach focuses predominantly on qualitative knowledge inte-
gration and reasoning without extending to the quantitative dimensions of claims. While
the present framework effectively supports qualitative reasoning and factual grounding to
reduce hallucinations in textual responses, the absence of integrated quantitative computa-
tion limits its ability to address this core aspect of claims practice.

6. Conclusions

This study has successfully demonstrated the effectiveness of a knowledge graph-
augmented Retrieval-Augmented Generation framework tailored to the domain of construc-
tion engineering claims. By first constructing a domain-specific ontology that systematically
organizes key entities and then populating a structured knowledge graph from industry
texts, the proposed methodology addresses longstanding limitations in traditional claim
management practices.

Empirical evaluation using the representative claim event “work stoppage” showed
that the GraphRAG approach consistently outperforms both the Base LLM and Vector RAG
across multiple metrics: BLEU-4, BERT-Cosine similarity, ROUGE-1, and ROUGE-L. These
results confirm that integrating a structured KG enables more precise, comprehensive,
and semantically faithful retrieval of domain knowledge, leading to generated responses
that exhibit higher factual accuracy, improved coverage of relevant knowledge points,
and closer alignment with reference answers. In particular, GraphRAG mitigates the key
shortcomings of Vector RAG—such as incomplete coverage due to chunk dispersion, redun-
dancy, and noise introduction—while providing advantages in traceability, interpretability,
and dynamic knowledge updates.

Despite these advances, limitations remain, including the current geographic focus
of instantiated knowledge, the qualitative emphasis without integrated quantitative com-
putation for time and cost quantification, and the need for broader multilingual and
cross-jurisdictional expansion. Future research directions include incorporating quantita-
tive delay and cost analysis modules and expanding the KG with international precedents
and multilingual sources.
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