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Abstract

Retrieval-Augmented Generation (RAG) grounds large language models in external evidence,
but many RAG systems represent knowledge either as flat text chunks or as automatically
constructed indexing graphs. This assumption is incomplete for curated thematic corpora,
including religious scriptures, legal codes, clinical guidelines, educational taxonomies, policy
documents, and library classification systems, where domain experts have already organized
knowledge into thematic paths and citeable canonical units. This paper investigates how RAG
can exploit such expert-authored structures while pruning evidence to a compact and query-
specific set. We conduct a critical survey supported by a bibliometric analysis of 2815 Scopus-
indexed RAG-related records exported on 26 May 2026, of which 2809 records were retained
after duplicate removal. The bibliometric results indicate rapid growth in RAG research but
limited explicit consolidation around curated thematic paths, canonical evidence units, or
thematic path-guided evidence pruning. We therefore propose ThemePath-RAG, a retrieval
framework that retrieves curated thematic paths as high-recall semantic routes, expands
candidate canonical evidence, and applies query-aware scoring and global pruning before
generation. To assess operational feasibility, we implement ThemePath-RAG for Qur’anic
question answering and compare it with a Vector RAG baseline on 150 paired questions
using RAGAS context relevance with gpt-4o-mini as the LLM evaluator. Both methods
return approximately three final ayat per question. Vector RAG achieves higher mean context
relevance than ThemePath-RAG (0.920 versus 0.798; p < 0.001). Thus, the proof of concept
establishes the feasibility of thematic-path-guided retrieval and identifies evidence-selection
challenges, rather than demonstrating superiority over conventional vector retrieval. The
paper clarifies the framework’s relationship to GraphRAG, LightRAG, HippoRAG, PathRAG,
ontology-based RAG, and AI-augmented bibliometric systems, and outlines a language-
matched, multi-baseline evaluation agenda for future cross-domain validation.

Keywords: Retrieval-Augmented Generation; large language models; critical survey;
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1. Introduction
Large language models (LLMs) have demonstrated strong performance in natural

language understanding, reasoning, dialogue, summarization, and question answering.
Nevertheless, their reliance on parametric memory creates persistent limitations, including
hallucination, outdated knowledge, weak provenance, and difficulty adapting to domain-
specific evidence. Retrieval-Augmented Generation (RAG) addresses these problems by
retrieving relevant external knowledge at inference time and conditioning the LLM on
retrieved context [1]. As a result, RAG has become a practical and scalable approach for
factual grounding, knowledge updates, and domain adaptation.

The recent RAG literature has grown rapidly. Based on a Scopus BibTeX export
containing 2815 RAG-related records collected in May 2026, the field expanded sharply
from 2023 to 2026. The corpus contains only a small number of records in 2023, but it rapidly
increases in 2024 and 2025, with 2026 representing only a partial publication year at the time
of data collection. Keyword-assisted screening of titles, abstracts, and keywords indicates
that dominant research clusters include evaluation and hallucination mitigation, agentic
and multi-hop RAG, graph or knowledge-graph RAG, education, software engineering,
medical and biomedical applications, multimodal RAG, legal RAG, and security or privacy-
oriented RAG. However, only a small fraction of papers explicitly address religious or
sacred text RAG, and even fewer focus on curated thematic structures as a first-class
retrieval object.

Most existing RAG methods adopt one of two assumptions. The first assumption is
that knowledge should be segmented into flat text chunks, embedded into a vector space,
and retrieved through similarity search [2–4]. This assumption underlies many production
RAG systems because it is simple, scalable, and domain-agnostic. The second assumption
is that, when flat chunks are insufficient, the system should automatically construct an
indexing graph from unstructured documents using entity extraction, relation extraction,
summarization, or community detection [5–7]. Graph-based RAG methods follow this
direction by organizing text into graph structures and retrieving nodes, edges, subgraphs,
communities, or paths.

Both assumptions are useful, but incomplete. Many high-value corpora are not
merely unstructured text. Religious scriptures, legal codes, clinical guidelines, educational
curricula, policy documents, and library taxonomies are often already organized by human
experts into curated themes, subthemes, canonical units, commentary layers, and cross-
references. For example, a Qur’anic thematic corpus may organize content through paths
such as Story→ Prophets→Miracle of Prophets→ Prophet Muhammad→ Isra’ Mi’raj.
Such paths are not arbitrary graph edges extracted by a model. They are domain-authored
semantic routes. They encode expert interpretation, hierarchical organization, and retrieval
intent. However, current RAG systems usually either flatten such corpora into chunks or
reconstruct a new graph from text, thereby underutilizing the curated thematic structure
that already exists. Indonesian legal codes provide another concrete example of this
problem. Recent work on Indonesian legal question answering has modeled the KUH
Perdata as a graph-structured corpus over books, chapters, sections, and articles, showing
that GraphRAG can improve faithfulness, answer relevancy, and contextual grounding
in legal QA [8]. However, this also exposes a broader retrieval challenge: once a relevant
legal hierarchy or thematic node is found, the system must still select the specific article,
paragraph, or clause that directly answers the query. This motivates the need for query-
aware evidence pruning over curated thematic or hierarchical paths.

This limitation becomes more evident in question answering. Suppose a user asks
about the evidence for Isra’ Mi’raj in the Qur’an. A thematic retriever may correctly identify
the endpoint node Isra’ Mi’raj, but if the system retrieves all verses connected to that node,
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it may return tens of candidate verses, many of which are thematically related but not
directly responsive to the user question. The problem is no longer lack of recall. The
problem is insufficient precision within a retrieved thematic space. In other words, the
system retrieves the right theme but too much evidence.

This problem aligns with a broader critique of graph-based RAG. PathRAG argues
that many graph-based RAG methods suffer from redundancy in retrieved information
rather than insufficiency. It notes that GraphRAG may use all information within certain
communities, while LightRAG may use immediate neighbors of query-related nodes, both
of which can introduce noise and increase token consumption [9]. PathRAG responds
by retrieving key relational paths and converting them into textual prompts. However,
PathRAG still assumes an indexing graph constructed from a text database, not a curated
thematic hierarchy authored by domain experts.

Similarly, HippoRAG improves retrieval by using LLM-generated knowledge graphs
and Personalized PageRank (PPR) to mimic associative long-term memory. It addresses
the weakness of conventional RAG, where passages are encoded in isolation and multi-hop
associations are difficult to retrieve [10,11]. HippoRAG 2 further improves this direction by
integrating passage nodes, query-to-triple retrieval, and recognition-memory filtering to
improve contextualization and reduce irrelevant triples [12]. These methods are valuable,
but their primary focus is on constructing and activating knowledge graphs from text. They
do not specifically formulate the problem of exploiting pre-existing curated thematic paths.

The reference set was substantially expanded beyond foundational RAG papers. In
addition to canonical works on dense retrieval, BM25, graph-based retrieval, and memory-
inspired RAG, this survey cites more than one hundred Scopus-indexed RAG studies from
the 2809 cleaned records to cover review papers, retrieval architectures, chunking strategies,
graph and knowledge-graph RAG, agentic RAG, evaluation and hallucination mitigation,
and major application domains. This broader citation base allows the paper to function not
only as a conceptual position paper but also as a literature-grounded critical survey.

This paper therefore asks the following question: How should RAG systems retrieve
and prune evidence when the corpus already contains curated thematic paths and canonical
evidence units? To answer this question, we present a critical survey of the RAG literature
and propose a new research direction called ThemePath-RAG. ThemePath-RAG treats
thematic paths as high-recall semantic routes and performs query-aware evidence pruning
over canonical units before generation. Instead of retrieving all graph neighbors, all
community content, or all evidence under a theme, ThemePath-RAG retrieves a thematic
path first, expands candidate evidence from the path, and prunes the evidence according
to the user query. This question is motivated by recent domain-specific RAG studies in
Qur’anic studies and Indonesian legal QA, which demonstrate the importance of retrieval
grounding in sensitive and structurally organized corpora but do not yet formulate query-
aware evidence pruning over curated thematic paths as a general framework [8,13].

This paper is not intended as a general descriptive survey of all RAG techniques.
Instead, it presents a critical survey focused on the structural assumptions behind current
RAG systems. While prior surveys have categorized RAG by retrieval strategy, genera-
tion mechanism, evaluation method, and application domain, this paper examines how
existing methods represent knowledge before retrieval. Through this lens, we identify an
overlooked class of corpora, namely curated thematic corpora, whose expert-authored
thematic paths are not fully exploited by current flat or graph-based RAG methods. Based
on this analysis, we propose ThemePath-RAG as a framework-oriented research agenda
for query-aware evidence pruning over curated thematic paths.

The contributions of this paper are as follows:
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• We provide a critical scoping survey of RAG research supported by a bibliometric
analysis of 2815 Scopus-indexed records.

• We analyze the dominant bibliometric signals in the RAG literature, including doc-
ument type composition, keyword distribution, thematic evolution, and country–
keyword relationships.

• We introduce the concept of curated thematic corpora, where knowledge is already
organized through human-authored thematic structures.

• We identify a limitation in current flat and graph-based RAG methods: they do not
fully exploit curated thematic paths and often retrieve redundant evidence.

• We propose ThemePath-RAG, a query-aware evidence pruning framework for
grounded question answering over pre-structured thematic corpora.

• We position Qur’anic question answering as a primary case study and discuss gener-
alization to legal, medical, educational, and library knowledge systems.

2. Methodology
2.1. Research Design

This study adopts a bibliometric-assisted critical survey design. The bibliometric
component maps the development of Retrieval-Augmented Generation (RAG) research
using Scopus-indexed metadata, including publication type, keyword distribution, the-
matic evolution, country–keyword relationships, and broad topic clusters. The critical
survey component interprets the dominant assumptions of existing RAG methods re-
garding knowledge representation before retrieval. These two components are then used
to motivate the proposed ThemePath-RAG framework. The study is not designed as a
clinical systematic review or meta-analysis. Instead, PRISMA 2020 is used as a reporting
guide to improve transparency in the identification, duplicate removal, screening, and
inclusion of records for bibliometric analysis and critical synthesis [14]. This distinction
is important because the bibliometric corpus is used for quantitative metadata mapping,
whereas a smaller representative subset of studies is used for qualitative comparison and
framework development.

2.2. Data Source and Search Strategy

Scopus was selected as the bibliographic data source because it is a large abstract and
citation database that provides structured metadata suitable for bibliometric analysis, in-
cluding document type, source title, publication year, author keywords, indexed keywords,
author affiliation, country, DOI, abstract, and citation information [15,16]. Scopus was also
appropriate for this study because the objective was to map the indexed scholarly literature
on RAG rather than to perform a full systematic search of all possible preprints, technical
reports, and grey literature. The search was conducted on 26 May 2026 using the Scopus
title, abstract, and keyword fields. The search was limited to records published between
2023 and 2026 because RAG became a rapidly expanding research topic after the broader
adoption of LLM-based retrieval and generation pipelines. The year 2026 was treated as a
partial publication year because the search was conducted in May 2026. The Scopus search
query was formulated as follows:

TITLE-ABS-KEY(“retrieval augmented generation” OR “retrieval-augmented
generation” OR “RAG”) AND PUBYEAR > 2022 AND PUBYEAR < 2027

The metadata were exported from Scopus in BibTeX format. The initial export con-
tained 2815 records. The exported metadata were processed using PyBibX version 5.9.5, a
Python library for bibliometric and scientometric analysis that supports raw bibliographic
data from Scopus, Web of Science, and PubMed [17]. PyBibX was used for duplicate
detection, metadata extraction, and preparation of the bibliometric dataset.
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2.3. Eligibility Criteria

The eligibility criteria were defined to ensure that the bibliometric corpus represented
RAG-related scholarly research while preserving broad coverage of the field. Records were
included in the bibliometric corpus if they met the following criteria:

1. The record was indexed in Scopus.
2. The record was published between 2023 and 2026.
3. The title, abstract, author keywords, or indexed keywords indicated relevance to

retrieval-augmented generation, retrieval-enhanced language models, graph-based
RAG, knowledge-graph RAG, sparse or hybrid retrieval for LLMs, domain-specific
RAG, RAG evaluation, or hallucination mitigation in RAG systems.

4. The record contained sufficient bibliographic metadata for analysis, including title,
publication year, document type, source title, and either abstract or keyword information.

5. The record belonged to scholarly document categories such as journal articles, confer-
ence papers, or review papers.

Records were not excluded from the bibliometric corpus merely because they were not
discussed in the qualitative synthesis. This distinction is important because bibliometric
analysis benefits from broad metadata coverage, while critical synthesis requires a smaller
set of representative studies. Therefore, records that met the general inclusion criteria re-
mained part of the bibliometric corpus even if they were not selected for detailed qualitative
discussion. Records were excluded from detailed critical synthesis if they did not represent
a distinct retrieval architecture, evaluation concern, knowledge-representation strategy, or
domain-specific RAG application. This means that exclusion from the qualitative synthesis
does not mean exclusion from the bibliometric analysis.

2.4. PRISMA-Informed Workflow

The record-selection process followed a PRISMA 2020-informed workflow [14].
Figure 1 summarizes the identification, duplicate removal, screening, and inclusion pro-
cess. The initial Scopus search returned 2815 records. Duplicate removal was performed
using PyBibX [17], resulting in the removal of 6 duplicate records. After duplicate re-
moval, 2809 cleaned records were retained. All 2809 cleaned records were included in the
bibliometric analysis. These records were used to analyze document type composition,
keyword frequencies, thematic evolution, country–keyword relationships, and descriptive
metadata patterns. A second screening step was then conducted to select representative
studies for detailed critical synthesis. Screening was based on titles, abstracts, author
keywords, indexed keywords, and relevance to the structural assumptions of RAG systems.
Priority was given to studies representing the following streams: review-oriented RAG
studies, flat or dense retrieval, sparse and hybrid retrieval, chunking and structure-aware
preprocessing, graph-based RAG, knowledge-graph RAG, ontology-based RAG, path-
based RAG, agentic and multi-hop RAG, evaluation and hallucination mitigation, medical
RAG, legal RAG, educational RAG, software engineering RAG, multimodal RAG, security
and privacy-oriented RAG, and religious or canonical-text RAG. From the 2809 cleaned
records, 143 representative studies were selected for detailed critical synthesis and frame-
work comparison. The remaining 2666 records were not excluded from the study; rather,
they remained part of the bibliometric corpus but were not discussed individually in the
qualitative synthesis.
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Figure 1. PRISMA-informed workflow for bibliometric corpus construction and representative-
study selection for critical synthesis. A total of 2815 Scopus-indexed records were identified, and
six duplicate records were removed, resulting in 2809 cleaned records. All cleaned records were
retained for bibliometric analysis. From the same corpus, 143 representative studies were purposively
selected—based on titles, abstracts, author and indexed keywords, and relevance to the structural
RAG assumptions—for detailed critical synthesis and framework comparison.

2.5. Bibliometric Analysis Procedure

The bibliometric analysis was conducted on the 2809 cleaned Scopus records. The
analysis focused on descriptive and thematic indicators rather than citation-network analy-
sis because the exported metadata did not include complete reference lists. Consequently,
co-citation analysis, bibliographic coupling, and reference publication year spectroscopy
were not interpreted as core evidence. Instead, the bibliometric analysis focused on meta-
data fields that were consistently available across the exported records. The bibliometric
analysis included the following components:

1. Dataset and metadata quality analysis: This analysis summarized the number of
records, publication years, countries, institutions, sources, authors, document types,
total citations, average citations per document, and metadata completeness.

2. Document type analysis: This analysis examined whether the field was dominated by
conference papers, journal articles, or review papers.

3. Keyword analysis: Author keywords, indexed keywords, and Keywords Plus were
analyzed to identify the dominant research vocabulary in RAG studies.

4. Thematic evolution analysis: This analysis examined changes in dominant topics from
2023 to 2026.

5. Country–keyword relationship analysis: This analysis examined whether major RAG
topics were concentrated in particular countries or shared across leading research
communities.

6. Bibliometric gap synthesis: The bibliometric results were interpreted to assess whether
curated thematic paths, canonical evidence units, and thematic path-guided evidence
pruning appeared as consolidated research themes.
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The bibliometric results were not treated as standalone proof that existing RAG sys-
tems cannot process curated thematic corpora. Instead, they were used as empirical
motivation for the critical survey. In particular, the absence of dominant keywords related
to curated thematic paths, canonical evidence units, and thematic evidence pruning was
interpreted cautiously as evidence of limited explicit consolidation in the Scopus-indexed
RAG literature, not as proof of technical impossibility.

2.6. Critical Synthesis Procedure

The critical synthesis was conducted on the 143 representative studies selected from
the cleaned bibliometric corpus. These studies were grouped according to their retrieval
architecture, knowledge-representation assumptions, and relevance to the ThemePath-RAG
research problem. The synthesis was guided by the following question:

How do existing RAG methods represent knowledge before retrieval, and what
limitations emerge when the corpus already contains expert-authored thematic
paths and canonical evidence units?

Based on this question, the selected studies were organized into several categories: flat
chunk-based RAG, sparse and hybrid RAG, graph-based RAG, agentic and multi-hop RAG,
memory-inspired and path-based RAG, ontology-based RAG, and domain-specific RAG.
The comparison was then used to identify the structural gap addressed by ThemePath-
RAG. This synthesis supports the central argument of the paper: current RAG research has
advanced significantly in retrieval architecture, graph construction, multi-hop reasoning,
and domain adaptation, but the specific setting of RAG over curated thematic corpora
remains underdeveloped. ThemePath-RAG is proposed as a conceptual framework for
this setting.

2.7. Methodological Limitations

Several methodological limitations should be acknowledged. First, the bibliometric
corpus was limited to Scopus-indexed records. Relevant preprints, technical reports, arXiv
papers, non-indexed conference papers, and domain-specific repositories may therefore be
underrepresented. Second, the 2026 data represent only a partial publication year because
the search was conducted in May 2026. Third, bibliometric keyword analysis depends
on the terminology used by authors and indexers. The absence of a keyword does not
necessarily mean that a concept is technically absent from the literature. Fourth, the repre-
sentative critical synthesis is selective rather than exhaustive; it was designed to cover major
RAG paradigms and application domains rather than to summarize every record in the
corpus. Despite these limitations, the PRISMA 2020-informed workflow, explicit eligibility
criteria, duplicate-removal procedure, and separation between bibliometric inclusion and
qualitative synthesis improve the transparency and reproducibility of the study.

In addition to the bibliometric-assisted critical survey, this study includes an initial
Qur’anic QA proof of concept to operationalize the proposed ThemePath-RAG framework.
The implementation details, including thematic-path retrieval, weighted evidence scoring,
and global evidence pruning, are described in Section 7. The paired evaluation protocol
and empirical results are presented in Section 8.

3. Bibliometric Evidence of RAG Research Trends
3.1. Dataset and Metadata Quality

The bibliometric analysis used a Scopus BibTeX export collected on 26 May 2026. As
shown in Table 1, the initial export contained 2815 records. After duplicate removal using
PyBibX [17], 2809 documents were retained. The dataset spans 2023–2026 and includes
102 countries, 4241 institutions, 1267 sources, and 11,532 authors. The retained records
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consist of 1893 conference papers, 877 journal articles, and 39 review papers. The total
citation count reported in the dataset is 6816, with an average of 2.43 citations per document.

The dataset has high metadata completeness for sources, affiliations, publication year,
authors, author keywords, abstracts, and DOI. However, the reference field was unavailable
in the export. Consequently, this paper does not interpret co-citation, bibliographic cou-
pling, or reference publication year spectroscopy as core evidence. The bibliometric results
are instead used to support descriptive and thematic mapping, including document type
composition, keyword distributions, thematic evolution, country–keyword relationships,
and broad topic identification.

Table 1. Bibliometric dataset summary.

Indicator Value

Initial Scopus records 2815
Records after duplicate removal 2809
Timespan 2023–2026
Countries 102
Institutions 4241
Sources 1267
Authors 11,532
Conference papers 1893
Journal articles 877
Review papers 39
Total citations 6816
Average citations per document 2.43

3.2. Publication Maturity and Document Type Composition

Figure 2 shows the document type composition of the bibliometric corpus. Conference
papers account for 67.4% of the records, while journal articles account for 31.2% and review
papers account for only 1.39%. This distribution indicates that RAG remains a fast-moving
technical field, dominated by rapid experimentation, system proposals, and application-
driven implementations. The small proportion of review papers suggests that conceptual
consolidation remains limited relative to the volume of technical production. This justifies
the need for critical surveys that go beyond descriptive categorization and identify deeper
assumptions, gaps, and research agendas.

Figure 2. Document type composition of the RAG bibliometric corpus. The dominance of conference
papers indicates a rapidly evolving technical field, while the small proportion of reviews suggests
that conceptual consolidation remains limited.
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3.3. Dominant Research Vocabulary

Figure 3 compares the most frequent author keywords and Keywords Plus. Author
keywords are dominated by retrieval-augmented generation (1927), large language models
(810), retrieval-augmented generation (RAG) (532), large language model (399), RAG (379),
knowledge graph (150), artificial intelligence (133), natural language processing (133), and
information retrieval (104). Keywords Plus similarly emphasizes retrieval-augmented
generation (2439), language model (1,831), large language model (1567), information re-
trieval (1195), search engines (647), artificial intelligence (643), semantics (553), and question
answering (482).

This distribution confirms that RAG research is organized around LLM grounding,
retrieval mechanisms, semantic search, information retrieval, question answering, and
knowledge graphs. However, terms related to curated thematic paths, canonical evidence
units, thematic corpora, scriptures, legal taxonomies, educational taxonomies, or path-
guided evidence pruning do not appear among the dominant keyword categories. This
absence is important because many high-value domains already contain expert-authored
thematic organization. The bibliometric vocabulary therefore supports the central moti-
vation of this paper: current RAG research has not yet developed a consolidated retrieval
framework for curated thematic corpora.

Figure 3. Top author keywords and Keywords Plus extracted from the Scopus RAG corpus. The
dominant vocabulary centers on RAG, language models, information retrieval, search engines,
semantics, question answering, artificial intelligence, and knowledge graphs but does not foreground
curated thematic paths or canonical evidence units.

3.4. Thematic Evolution

Figure 4 shows thematic evolution over time. In 2023, knowledge graphs appear as
an early theme. In 2024, retrieval-augmented generation, language model, large language
model, and question answering become visible. In 2025, the field expands substantially,
with retrieval-augmented generation, language model, large language model, information
retrieval, search engines, artificial intelligence, semantics, natural language processing
systems, computational linguistics, and knowledge management becoming central terms.
The 2026 results should be interpreted cautiously because the dataset was exported in May
2026 and therefore represents only a partial publication year.
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The thematic evolution indicates that graph-related retrieval has been present in
the RAG literature, but the field has rapidly broadened toward general LLM-retrieval
integration, information retrieval, and semantic search. It does not reveal a specialized
cluster around curated thematic paths or canonical evidence pruning. This supports the
argument that current graph and path-based RAG methods require further specialization
for domains in which thematic organization already exists before indexing.

Figure 4. Theme evolution in the RAG bibliometric corpus from 2023 to 2026. The 2026 result should
be interpreted as a partial-year signal because the export was collected in May 2026.

3.5. Geographical Distribution of Dominant Keywords

The country–keyword heatmap in Figure 5 indicates that China, the United States,
and India are the leading contributors across the dominant RAG vocabulary. China has
the highest keyword occurrences for retrieval-augmented generation, language model,
large language model, and information retrieval. The United States and India also show
strong activity across these terms. South Korea, Germany, and Japan contribute visible but
smaller volumes.

The heatmap suggests that the core vocabulary of RAG research is globally shared,
with major countries converging around LLMs, retrieval, information retrieval, search
engines, and question answering. However, the same distribution does not show evidence
of a specialized vocabulary around thematic path retrieval, curated evidence structures, or
canonical-unit pruning. This strengthens the interpretation that ThemePath-RAG addresses
a structural gap, not merely a gap in one national or regional research community.

Figure 5. Relationship heatmap between leading countries and dominant Keywords Plus extracted
from the Scopus RAG corpus. The same generic RAG vocabulary appears across major countries, sug-
gesting global convergence around LLM-retrieval integration rather than curated thematic retrieval.
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3.6. Bibliometric Gap Synthesis

Taken together, the bibliometric findings provide empirical support for the critical
argument of this survey. First, the dominance of conference papers shows that RAG is
still rapidly evolving, with many technical proposals but relatively few consolidating
reviews. Second, keyword and theme evolution analyses show that the field is centered
on LLMs, retrieval, information retrieval, question answering, semantics, and knowledge
graphs. Third, the appearance of medical, legal, educational, compliance-oriented, and
software-related terms indicates that RAG is increasingly applied to high-value knowledge
domains. However, the bibliometric results do not reveal a mature cluster focused on
curated thematic corpora, canonical evidence units, or thematic path-guided retrieval.
This gap motivates ThemePath-RAG as a research agenda for exploiting expert-authored
thematic paths and pruning evidence before grounded answer generation.

The bibliometric evidence listed in Table 2 shows that RAG research has expanded
rapidly and is now distributed across general LLM-retrieval methods and multiple high-
value domains. However, the dominant vocabulary and thematic clusters remain centered
on generic retrieval, language models, information retrieval, semantics, question answering,
knowledge graphs, and domain applications. This suggests that the field has not yet fully
examined how RAG should operate when the retrieval corpus already contains expert-
authored thematic paths. The next section therefore shifts from bibliometric mapping
to a critical taxonomy of RAG methods based on their assumptions about knowledge
representation. This is summarized in Figure 6.

Table 2. Bibliometric Evidence Supporting the ThemePath-RAG Research Gap.

Bibliometric Finding Interpretation Implication for ThemePath-RAG

Conference papers dominate the cor-
pus (67.4%)

RAG remains a rapidly evolving
technical field

Conceptual consolidation and critical sur-
veys are still needed

Review papers account for
only 1.39%

Survey literature is limited rela-
tive to technical production

A critical survey with a new research
agenda is justified

Top keywords emphasize RAG,
LLMs, information retrieval, search
engines, semantics, and question an-
swering

The field is organized around
generic LLM-retrieval integration

Existing vocabulary does not foreground
curated thematic paths

Knowledge graph appears among
major keywords but with lower
frequency than general RAG and
LLM terms

Graph RAG is visible but not
dominant

Graph-based retrieval needs more special-
ized analysis

Medical, legal, education, and
compliance-oriented terms appear
in the bibliometric landscape

RAG is increasingly applied to
high-value structured domains

These domains may benefit from retrieval
over curated thematic structures

Theme evolution shows expansion
from knowledge graphs to broader
RAG and LLM themes

The field has broadened quickly
but remains generic

Pre-existing thematic organization re-
mains under-theorized

No dominant cluster for curated
thematic paths or canonical evi-
dence units

Current RAG research has not
consolidated around this problem

ThemePath-RAG addresses this missing
retrieval setting
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RAG Research
Landscape

Flat / Chunk-based RAG
Dense vectors, BM25,

hybrid retrieval

Graph / KG RAG
Entities, triples, com-
munities, subgraphs

Agentic / Multi-
hop RAG

Planning, tools, decom-
position, verification

Memory / Path-
based RAG

PPR activation,
relational paths

Domain-specific RAG
Medical, legal, ed-
ucation, software

Assumption:
Knowledge is flat

and chunkable

Assumption:
Structure must be

automatically constructed

Assumption:
Reasoning can be im-

proved by orchestration

Assumption:
Relevant paths

are induced from
indexing graph

Assumption:
Domain is mainly

an application layer

Structural Gap: High-value corpora may already have curated
thematic paths and canonical evidence units, but current RAG

methods often flatten them or reconstruct structure from scratch.

ThemePath-RAG: Retrieve curated thematic paths as high-
recall semantic routes, then apply query-aware evidence
pruning over canonical units for grounded answering.

Figure 6. Critical taxonomy of RAG methods according to their assumptions about knowledge
representation before retrieval. The upper category and assumption boxes are displayed in neutral
light tones. The Structural Gap box is highlighted in orange to emphasize the identified limitation in
existing RAG paradigms, whereas the ThemePath-RAG box is highlighted in green to indicate the
proposed framework. ThemePath-RAG addresses the overlooked case in which the corpus already
contains expert-authored thematic paths and canonical evidence units.

4. Critical Taxonomy of RAG Methods
4.1. Representative Scopus Literature Coverage

To avoid limiting the critical synthesis to a small number of well-known RAG papers,
this survey additionally cites a representative set of Scopus-indexed RAG studies selected
from the 2809 cleaned records. The selection was guided by title, abstract, author keyword,
and Keywords Plus screening, with priority given to papers that represent distinct retrieval
architectures, evaluation concerns, and application domains. The goal is not to claim that
these are the only important papers in the corpus but to ensure that the proposed gap is
grounded in a broad cross-section of the recent RAG literature. The selected references
cover the following streams:

• The survey and review-oriented RAG studies are represented by [18–26].
• The flat, dense, lexical, and hybrid retrieval studies are represented by [27–38].
• The chunking, indexing, and structure-aware preprocessing studies are represented

by [39–48].
• The graph-based, knowledge-graph, ontology, and hypergraph RAG studies are

represented by [49–65].
• The multi-hop reasoning, evidence synthesis, and planning-oriented RAG studies are

represented by [66–77].
• The agentic, multi-agent, tool-augmented, and workflow-oriented RAG studies are

represented by [78–87].
• The evaluation, benchmark, hallucination, faithfulness, and reliability studies are

represented by [88–101].
• The medical, biomedical, clinical, and health-oriented RAG studies are represented

by [102–113].
• The legal, regulatory, compliance, tax, policy, and audit-oriented RAG studies are

represented by [114–123].
• The education, learning, tutoring, and pedagogical RAG studies are represented

by [124–133].
• The software engineering, code, repository, and requirements-oriented RAG studies

are represented by [134–141].
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• The multimodal, visual, image, video, and geospatial RAG studies are represented
by [142–149].

• The security, privacy, cybersecurity, and IoT-oriented RAG studies are represented
by [150–156].

• The religious, canonical, taxonomy, and faith-aligned RAG studies are represented
by [157–161].

This study should also be distinguished from AI-augmented bibliometric systems that
use agentic AI, full-paper retrieval, and retrieval-augmented synthesis to support dynamic
scientometric analysis. For example, Bara and Oprea [162] propose an agentic framework
that translates natural-language analytical requests into executable bibliometric workflows,
retrieves and synthesizes full papers, and generates dynamic research reports. In contrast,
the present study does not apply RAG to analyse the retrieved RAG literature corpus.
Instead, Scopus metadata are used to provide bibliometric context for a critical survey,
while ThemePath-RAG is proposed as a retrieval framework for external curated thematic
corpora containing expert-authored paths and citeable canonical evidence units. Thus, the
two studies operate at different levels: AI-augmented bibliometric frameworks support
research-literature analysis, whereas ThemePath-RAG addresses evidence retrieval and
pruning within structured domain corpora.

4.2. Flat Chunk-Based RAG

Flat chunk-based RAG is the most common paradigm. Documents are segmented
into fixed or semantically informed chunks, embedded into vector space, and retrieved
by dense similarity search. Sparse lexical methods such as BM25 may also be used, either
independently or in hybrid form [163]. The central strength of this paradigm is simplicity.
It can be applied to heterogeneous corpora without requiring domain-specific structure.
Vector databases, approximate nearest neighbor search, and rerankers make this approach
scalable and deployable.

However, flat chunk retrieval assumes that knowledge can be decomposed into inde-
pendent retrieval units. This assumption is weak for corpora in which meaning depends on
hierarchy, cross-reference, commentary, or thematic organization. A chunk may retrieve the
correct passage but fail to expose its relationship to a broader theme. Conversely, a chunk
may be semantically similar to the query but not authoritative for the answer. In canonical
domains, such as legal codes or religious scripture, flat retrieval can also weaken citation
precision because a retrieved chunk may mix primary text, commentary, and interpretation.

4.3. Sparse and Hybrid RAG

Sparse retrieval remains important in RAG because exact terms, identifiers, named
entities, article numbers, verse numbers, medical codes, and legal references often carry
high relevance. BM25 and related lexical methods are particularly useful in domains
where exact matching is necessary. Hybrid retrieval combines sparse and dense retrieval to
improve robustness against both lexical mismatch and semantic drift.

Despite these advantages, sparse and hybrid RAG usually operate over flat units.
They can rank evidence more precisely than dense retrieval alone, but they do not inher-
ently exploit curated thematic paths. In ThemePath-RAG, lexical matching is not treated
as a complete retrieval solution. Instead, it becomes a query-aware evidence pruning
mechanism after thematic path retrieval has narrowed the candidate space.

4.4. Graph-Based RAG

Graph-based RAG addresses the limitations of flat retrieval by representing entities,
concepts, documents, or passages as nodes and their relationships as edges. GraphRAG,
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LightRAG, and related approaches use graph structure to support local and global retrieval,
summarization, and multi-hop reasoning [5,6]. This is a significant improvement over flat
chunk retrieval because it makes relationships explicit.

However, graph-based RAG has two limitations. First, many methods automatically
construct graphs from text. This is useful for open-domain corpora but may be redundant
or noisy when expert-authored structures already exist. Second, graph retrieval often
retrieves broad neighborhoods or communities. This can improve recall but may reduce
evidence precision and increase prompt length. For high-stakes domains, broad graph
context can make grounding less reliable because thematically related evidence may not be
directly responsive to the user query.

4.5. Agentic and Multi-Hop RAG

Agentic RAG methods use planning, decomposition, tools, memory, verification, and
iterative retrieval to answer complex questions [164,165]. These methods are especially
useful when the query requires multiple retrieval steps or external tool use. Multi-hop
RAG improves reasoning by retrieving evidence from multiple sources and connecting
facts across documents.

Agentic RAG addresses reasoning orchestration, but it does not necessarily solve the
representation problem. An agent can still retrieve redundant context if the underlying
corpus is represented as flat chunks or broad graph neighborhoods. ThemePath-RAG is
complementary to agentic RAG: an agent may use ThemePath-RAG as a retrieval tool
when the domain contains curated thematic paths.

4.6. Memory-Inspired and Path-Based RAG

HippoRAG and HippoRAG 2 represent an important step toward associative retrieval.
They use knowledge graphs and PPR to activate related nodes, aiming to mimic long-term
memory and support multi-hop association [10,12]. PathRAG further argues that retrieving
all graph neighbors or communities introduces redundancy, so it retrieves key relational
paths instead [9].

These methods are directly relevant to ThemePath-RAG, but they differ in their as-
sumptions. HippoRAG assumes that a graph must be built from passages using OpenIE
and then activated by query-linked nodes. PathRAG assumes that relational paths should
be extracted from an indexing graph. ThemePath-RAG instead begins from curated the-
matic paths that are already part of the domain knowledge organization. It adopts the
anti-redundancy insight of PathRAG and the activation-oriented intuition of HippoRAG,
but applies them to pre-structured thematic corpora.

4.7. Domain-Specific RAG

Domain-specific RAG has been applied to medicine, law, education, software engi-
neering, finance, cybersecurity, policy, and many other areas. These works demonstrate
the practical utility of RAG but often treat the domain as an application layer rather than a
structural retrieval problem. For example, a legal RAG system may retrieve legal articles,
but it may not explicitly exploit the hierarchical structure of books, chapters, sections, and
clauses. A medical RAG system may retrieve guideline passages, but it may not explic-
itly use disease-treatment pathways as retrieval routes. Similarly, a Qur’anic QA system
may retrieve verses, tafsir, and hadith, but it may not treat thematic paths as first-class
retrieval objects.

This paper argues that a new subproblem is needed: RAG for curated thematic
corpora. Such corpora require retrieval systems that preserve expert-authored structure
while pruning evidence according to query-specific needs.
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5. Structural Gap: Curated Thematic Corpora
5.1. Definition

We define a curated thematic corpus as a knowledge collection satisfying five condi-
tions. First, it contains canonical evidence units, such as verses, articles, clauses, guidelines,
learning outcomes, or policy items. Second, it is organized by human-authored themes, sub-
themes, categories, or taxonomies. Third, it contains meaningful hierarchical or associative
paths between broad concepts and specific evidence units. Fourth, evidence units may be
connected to multiple themes. Fifth, answers require grounded citation to canonical units.

Formally, a curated thematic corpus can be represented as

C = (T, P, E, R, S), (1)

where T is the set of thematic nodes, P is the set of curated thematic paths, E is the set of
canonical evidence units, R is the set of relations between themes and evidence, and S is
the set of source or citation metadata.

5.2. Examples

Examples of curated thematic corpora include religious scriptures, legal corpora,
medical guidelines, educational curricula, library taxonomies, and policy documents. In
religious scripture, themes may include stories, prophets, legal rulings, moral concepts,
eschatology, and worship. In legal corpora, themes may map to books, chapters, sections,
articles, and clauses. In medical guidelines, themes may map to diseases, diagnostic criteria,
treatment pathways, contraindications, and evidence grades. In education, they may map
to competencies, topics, learning outcomes, assessment items, and learning materials.

These corpora are not merely text collections. Rather, they are knowledge organiza-
tions. Flattening them into chunks can destroy useful structure, while reconstructing new
graphs can ignore or distort expert curation.

5.3. Why Existing RAG Assumptions Are Insufficient

Existing RAG assumptions become insufficient in curated thematic corpora for three
reasons. First, flat retrieval ignores domain-authored structure. Second, automatic
graph construction may duplicate or corrupt existing expert organization. Third, graph-
neighborhood retrieval may produce high recall but low precision by returning all evidence
connected to a broad theme. The challenge is not simply to retrieve more context. The
challenge is to exploit existing thematic structure and select only the evidence needed for a
specific query.

The central gap can be stated as follows: existing RAG methods generally assume
either flat text chunks or automatically constructed indexing graphs. However, many
high-value corpora, including religious scriptures, legal codes, medical guidelines, and
educational taxonomies, already possess curated thematic structures. Current graph-based
RAG methods do not fully exploit such pre-existing thematic paths and often retrieve
redundant node neighborhoods or overly broad communities.

6. Comparison with Existing Methods
Table 3 shows that ThemePath-RAG differs from existing RAG paradigms primarily in

its treatment of structure source and retrieval unit. The framework is not defined by a new
embedding model, a new lexical ranking function, or a replacement for graph retrieval.
Instead, it is designed for a specific corpus condition: the domain already provides expert-
authored thematic paths that connect broader concepts to citeable canonical evidence units.
Under this condition, the central retrieval problem is not only finding relevant text, but
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preserving the existing thematic organization while selecting the small subset of evidence
that directly addresses a user query.

Table 3. Comparison Between ThemePath-RAG and Existing RAG Paradigms.

Method Retrieval Unit Structure Source Main Limitation ThemePath-RAG Difference

Vector RAG Text chunks Chunking and
embedding

Ignores thematic hier-
archy

Retrieves curated thematic
paths first

BM25 RAG Terms and documents Lexical index Weak semantic struc-
ture

Uses lexical scoring for evi-
dence pruning

Hybrid RAG Chunks Dense and sparse
indexes

Still mostly flat Adds path-level retrieval and
pruning

GraphRAG Communities or sub-
graphs

Auto-generated
graph

Broad context and re-
dundancy

Uses curated paths and
pruned canonical evidence

LightRAG Local/global graph re-
trieval

Auto-generated
graph

May retrieve noisy
neighbors

Avoids all-neighbor retrieval

HippoRAG KG nodes and pas-
sages

OpenIE graph Built for constructed
KGs

Uses curated thematic paths
instead of rebuilding graph
from scratch

PathRAG Relational paths Indexing graph General graph paths,
not domain-authored
thematic paths

Treats expert-authored the-
matic paths as retrieval routes

ThemePath-
RAG

Thematic paths and
evidence units

Curated thematic
corpus

Requires curated
structure

Designed for pre-structured
canonical corpora

Vector RAG, BM25 RAG, and Hybrid RAG generally retrieve from flat evidence
units such as chunks, passages, documents, or individual records. These methods remain
important components of ThemePath-RAG rather than competing alternatives that must
be discarded. Dense retrieval can be used to identify candidate thematic paths, BM25 can
support exact lexical matching among candidate evidence units, and hybrid scoring can
combine complementary retrieval signals. However, when these methods operate only
over a flat index, they do not explicitly use the thematic route through which a canonical
evidence unit is connected to a broader domain concept. ThemePath-RAG introduces this
path-level stage before final evidence ranking: it first retrieves relevant curated paths, then
applies lexical and semantic scoring only after the candidate space has been constrained by
those paths.

GraphRAG and LightRAG address limitations of flat retrieval by representing entities,
passages, concepts, and relationships as graph structures. Their graph-based retrieval
mechanisms can support multi-hop reasoning and make relationships between information
units more explicit. Nevertheless, many graph-based RAG approaches construct indexing
graphs automatically from unstructured documents through entity extraction, relation
extraction, summarization, or community detection. ThemePath-RAG addresses a different
setting in which the relevant structure already exists before indexing. It does not attempt
to replace automatically constructed graphs in open-domain corpora; rather, it uses pre-
existing thematic paths as retrieval routes in corpora where those paths have been authored,
maintained, or validated by domain experts.

The comparison with GraphRAG and LightRAG should therefore not be interpreted
as a claim that graph retrieval necessarily produces redundant context in every appli-
cation. Broad graph neighborhoods, local neighbors, or community-level retrieval may
be beneficial when the query requires high recall or multi-hop synthesis. However, in
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citation-sensitive corpora, a retrieved neighborhood or endpoint theme can contain more
evidence than is needed to answer a specific question. ThemePath-RAG treats the re-
trieved thematic path as a high-recall candidate space rather than final context. The
subsequent evidence-scoring and global-pruning stages are intended to select the most
query-responsive canonical units from that space.

HippoRAG and PathRAG are especially relevant because both recognize that retrieval
should move beyond isolated flat passages. HippoRAG uses constructed knowledge graphs
and Personalized PageRank-based activation to retrieve associated passages, whereas
PathRAG retrieves relational paths from an indexing graph to reduce redundancy in graph-
based retrieval. ThemePath-RAG shares their broader intuition that structural retrieval
can improve evidence selection. Its distinction lies in the origin and meaning of the paths.
HippoRAG begins from graph structures induced from textual knowledge, and PathRAG
operates over relational paths extracted from an indexing graph. ThemePath-RAG begins
from thematic paths that are already part of the domain’s knowledge organization and
uses those paths to guide candidate evidence expansion and canonical-unit pruning.

Ontology-based and hierarchical retrieval methods are also related because they can
preserve taxonomies, concept hierarchies, controlled vocabularies, or semantic relationships.
The difference is not that such methods lack structure but that ThemePath-RAG explicitly
separates two decisions: selecting a meaningful expert-authored route and selecting the
final evidence units beneath or around that route. In this formulation, a hierarchy or
ontology is not treated only as metadata for semantic matching or navigation. It becomes
an interpretable retrieval object that constrains a subsequent query-aware evidence-pruning
process. This distinction is particularly relevant when a domain requires direct citation to
verses, legal clauses, clinical recommendations, learning outcomes, or policy provisions.

ThemePath-RAG also has a clear boundary condition. It is not intended as a universal
replacement for Vector RAG, GraphRAG, or ontology-based RAG. The framework is
appropriate only when a corpus contains meaningful curated paths, when those paths
connect to citeable evidence units, and when broad thematic retrieval must be refined
into a compact evidence set. In corpora without reliable curated structure, automatic
graph construction, flat vector retrieval, lexical retrieval, or hybrid retrieval may be more
appropriate. The Qur’anic QA proof of concept in this study evaluates this architecture in
one curated thematic corpus; direct empirical comparison with GraphRAG, HippoRAG,
PathRAG, ontology-based retrieval, and additional baselines remains necessary in future
language-matched benchmarks.

7. ThemePath-RAG Framework
7.1. Conceptual Overview

ThemePath-RAG is designed for corpora that already contain curated thematic paths.
It does not replace vector retrieval, BM25, or graph retrieval. Instead, it organizes them
into a staged architecture. The core pipeline (see Figure 7) is query rewriting, thematic path
retrieval, candidate evidence expansion, query-aware evidence scoring, evidence pruning,
and citation-grounded answer generation.

The framework can be summarized as

q→ Pq → E(Pq)→ E∗q → A(q, E∗q ), (2)

where q is the user query, Pq is the retrieved thematic path set, E(Pq) is the candidate
evidence space expanded from the paths, E∗q is the pruned evidence subset, and A is the
generated answer.
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User Query
q

Query Rewriting
Intent and key-
word extraction

Curated The-
matic Path Index

P

Thematic Path Retrieval
Top-m paths Pq

Candidate Evi-
dence Expansion

E(Pq)

Query-Aware Ev-
idence Scoring

BM25 / semantic score
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Evidence Pruning
Top-k canonical units E∗q

Path-Preserving Prompt
Path + pruned evidence

+ source metadata

LLM Answer
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Citation-
grounded answer

Avoided Failure Mode
Endpoint theme →
all connected evi-
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Figure 7. ThemePath-RAG pipeline. Light purple boxes indicate the query, prompt, and answer-
generation stages; light yellow boxes indicate thematic-index retrieval and candidate-evidence
expansion; green boxes indicate query-aware scoring and evidence pruning; and the light red
box highlights the avoided failure mode. Solid arrows show the ordered retrieval-and-generation
workflow, whereas the dashed arrow indicates that endpoint-only expansion without pruning may
produce noisy context. Curated thematic paths are used as high-recall semantic routes, but endpoint
themes are treated only as candidate spaces. Query-aware evidence pruning selects a compact set of
canonical evidence units before grounded answer generation.

7.2. Stage 1: Thematic Path Retrieval

The first stage retrieves one or more thematic paths relevant to the query. Each thematic
path is represented as a textual sequence, for example, Story→ Prophets→ Miracle of
Prophets→ Prophet Muhammad→ Isra’ Mi’raj. The path can be indexed using dense
embeddings, BM25, or hybrid retrieval. The goal is high recall. At this stage, it is acceptable
to retrieve multiple candidate paths because evidence pruning will refine the context later.

7.3. Stage 2: Candidate Evidence Expansion

For each retrieved path, the system expands candidate evidence from the endpoint
theme, intermediate themes, cross-linked subthemes, canonical units connected to the
themes, and commentary or explanatory nodes associated with the units. This differs from
endpoint-only retrieval. If only the endpoint is used, the system may miss evidence from
intermediate or related thematic nodes. Conversely, if all connected evidence is sent to
the LLM, the system may retrieve too much. Candidate expansion is therefore followed
by pruning.

7.4. Stage 3: Query-Aware Evidence Scoring

Each candidate evidence unit is scored according to query relevance and path context.
We propose the following scoring function:

Score(e, q, p) = αLexSim(q, e) + βSemSim(q, e)

+ γPathSim(q, p) + δGraphProx(e, p)

+ ηSourcePriority(e) + λCitationSpeci f icity(e),

(3)

where e is a candidate evidence unit, q is the user query, p is a retrieved thematic path,
LexSim(q, e) is lexical similarity such as BM25, SemSim(q, e) is optional semantic similarity,
PathSim(q, p) is similarity between the query and thematic path, GraphProx(e, p) measures
graph proximity between evidence and path nodes, SourcePriority(e) prioritizes primary
sources, and CitationSpeci f icity(e) rewards evidence with precise citation metadata.

The scoring function is intentionally modular. In a lightweight implementation,
LexSim, SemSim, and PathSim may be sufficient. In a more advanced implementation,
graph proximity, source reliability, and citation specificity can be added.
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7.5. Stage 4: Evidence Pruning

Evidence pruning selects the top-k evidence units after scoring as follows:

E∗q = TopK(E(Pq), Score(e, q, p)). (4)

More advanced pruning can enforce diversity constraints, source constraints, or path
coverage constraints. For example, a religious QA system may select top Qur’anic verses
first, then tafsir passages, then hadith if relevant. A legal QA system may select statutory
articles before commentary. A medical QA system may prioritize guideline statements
with evidence grades.

7.6. Stage 5: Citation-Grounded Answer Generation

The final LLM prompt should preserve path structure. Instead of concatenating
evidence as a flat list, ThemePath-RAG organizes evidence as the user query, retrieved
thematic path, selected evidence units, source metadata, and answer instructions. This
prompt structure preserves both thematic context and evidence precision. It also sup-
ports interpretability because the answer can be traced from query to thematic path to
pruned evidence.

7.7. Proof-of-Concept Instantiation

The Qur’an is a canonical corpus with multiple layers of organization, including surah
and ayah structure; themes and subthemes; stories of prophets and communities; legal,
ethical, theological, and eschatological concepts; tafsir and interpretive traditions; hadith
links; and historical context. A Qur’anic RAG system must not merely generate a plausible
answer. It must ground claims in precise evidence, identify relevant ayah, distinguish
translation from tafsir, and avoid unsupported religious claims. Recent RAG studies
on Qur’anic and religious texts show growing interest in retrieval-grounded sacred-text
dialogue and low-resource religious QA, including Qur’anic QA, Seerah QA, Bhagavad
Gita QA, and religious Punjabi texts [157–160,166].

A recent benchmark of RAG for Qur’anic studies evaluated 13 open-source LLMs
across human-assessed context relevance, answer faithfulness, and answer relevance using
a descriptive dataset of Qur’anic surahs [13]. The study showed that retrieval grounding is
important for sensitive religious QA and that model scale alone does not fully determine
faithfulness. However, it also motivates a retrieval-level question that remains unresolved:
how should the system select the most query-relevant ayah, tafsir, or hadith evidence when
the broader thematic category is already known?

The limitation of endpoint-only thematic retrieval is clear in this setting. A thematic
retriever may identify the correct endpoint node, for example, Isra’ Mi’raj. However, if all
verses connected to this node are retrieved, the LLM may receive too much evidence. Some
verses may be broadly related to the Prophet Muhammad, revelation, prayer, miracles, or
night journey but not directly answer the user query. This creates context noise, citation
dilution, and token inefficiency. ThemePath-RAG addresses this by separating theme
discovery from evidence selection. It retrieves a thematic path, expands candidate ayah,
tafsir, and hadith from path nodes, scores evidence using query-aware criteria, prunes
evidence to a compact set, and generates an answer with citation metadata. For example,
the path Story→ Prophets→Miracle of Prophets→ Prophet Muhammad→ Isra’ Mi’raj
provides a semantic route, but the final answer may require different evidence depending
on whether the query asks about Qur’anic evidence, prayer obligation, physical or spiritual
interpretation, or historical context.

The full ThemePath-RAG scoring function in Equation (3) is intended as a mod-
ular framework for curated thematic corpora. To operationalize the framework in an
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initial Qur’anic question-answering proof of concept, we implemented a simplified
evidence-scoring function based on lexical similarity, semantic similarity, and thematic-
path similarity:

ScorePoC(e, q, p) = α L̃exSim(q, e) + β ˜SemSim(q, e) + γ ˜PathSim(q, p), (5)

where e is a candidate ayat, q is the user query, and p is a retrieved thematic path. The

terms L̃exSim(q, e), ˜SemSim(q, e), and ˜PathSim(q, p) denote normalized lexical, semantic,
and path-similarity scores, respectively. The non-negative weights α, β, and γ satisfy

α + β + γ = 1. (6)

This formulation allows the contribution of lexical relevance, semantic correspondence,
and thematic-path alignment to be varied without changing the retrieval pipeline.

For each fixed English query q, an English thematic-path vector-search stage first
produced the top m = 3 candidate thematic paths. A Cypher-based graph retrieval
procedure then expanded the ayat associated with these candidate paths. The explicit path-
similarity component was computed as cosine similarity between the OpenAI embedding
of the English query and the embedding of each candidate path’s textual representation.

Lexical similarity was calculated using BM25 over the unique English ayat texts in
the candidate set for each query. Constructing the BM25 corpus from unique ayat texts
prevented repeated occurrences of the same ayat under multiple thematic paths from
altering the lexical scoring statistics. The resulting BM25 score was then assigned to every
corresponding (e, p) candidate pair.

Semantic similarity was computed using OpenAI text-embedding-3-small embed-
dings for the English query and candidate ayat texts. Candidate ayat embeddings were
temporarily indexed in an in-memory Chroma collection configured with cosine dis-
tance. Semantic similarity was calculated as 1− distance and bounded to the interval
[0, 1]. Path similarity was computed directly using cosine similarity between query and
path embeddings.

For each query, raw lexical, semantic, and path-similarity values were independently
min–max normalized across all expanded (e, p) candidate pairs. The normalized compo-
nent values were then combined using Equation (5). Duplicate ayat occurring through
multiple thematic paths were collapsed by canonical ayat reference, retaining the occur-
rence with the highest combined score. The resulting unique ayat were ranked globally,
and the top k = 3 were retained as the final retrieval contexts.

For the proof-of-concept implementation, the similarity weights were specified heuris-
tically as follows:

(α, β, γ) = (0.30, 0.50, 0.20), (7)

This configuration assigns the greatest weight to semantic similarity, while lexical
similarity and thematic-path similarity provide complementary retrieval signals. The
weights were selected to emphasize semantic correspondence between the user query
and candidate ayat; they are not claimed to represent an optimized weighting scheme.
Systematic tuning of alternative weight combinations using a separate validation set is left
for future work.

Algorithm 1 presents the general retrieval and evidence-pruning procedure used in the
Qur’anic QA prototype. The algorithm evaluates the retrieval component of ThemePath-
RAG only. It does not by itself evaluate answer-generation quality, answer faithfulness,
citation correctness, or theological interpretation.
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Algorithm 1 ThemePath-RAG Retrieval and Context Relevance Evaluation

Require: User query q; thematic path index P ; thematic-path-to-ayah mapping E(·); lexical similarity
function LexSim; semantic similarity function SemSim; path similarity function PathSim; path
budget m; evidence budget k; weights α, β, and γ, where α + β + γ = 1

Ensure: Retrieved contexts Cq; context relevance score CR(q, Cq)
1: T ← ∅
2: S ← ∅
3: for all thematic paths p ∈ P do
4: sraw

p ← PathSim(q, p) ▷ Compute query-to-path similarity
5: T ← T ∪ {(p, sraw

p )}
6: end for
7: Pq ← TopM(T , m) ▷ Select the top m thematic paths
8: for all (p, sraw

p ) ∈ Pq do
9: Ep ← E(p) ▷ Expand candidate ayat associated with path p

10: for all candidate ayat e ∈ Ep do
11: sraw

lex ← LexSim(q, e)
12: sraw

sem ← SemSim(q, e)
13: S ← S ∪ {(e, p, sraw

lex , sraw
sem, sraw

p )}
14: end for
15: end for
16: Normalize lexical, semantic, and path similarity scores in S to obtain s̃lex, s̃sem, and s̃path
17: for all (e, p, s̃lex, s̃sem, s̃path) ∈ S do
18: Score(e, q, p)← αs̃lex + βs̃sem + γs̃path
19: end for
20: S∗ ← DeduplicateByAyahID(S) ▷ Retain the highest-scoring occurrence of each ayat
21: S↑ ← SortDescending(S∗, Score)
22: Rq ← TopK(S↑, k) ▷ Select the top k unique ayat globally
23: Cq ← ExtractAyahTexts(Rq)
24: CR(q, Cq)← EvaluateContextRelevance(q, Cq) ▷ RAGAS-based context relevance evaluation
25: return Cq, CR(q, Cq)

The experiment used a fixed thematic-path retrieval budget of m = 3 and a final
evidence-retrieval budget of k = 3. The same final top-k target was used for both the Vector
RAG baseline and ThemePath-RAG to reduce differences attributable to context quantity.

For each selected ayat, the retrieval procedure retained its canonical identifier, asso-
ciated thematic path, component similarity values, aggregated evidence score, and final
ranking position. These retrieval attributes enable transparent inspection of thematic-path
selection and evidence-pruning behaviour.

8. Proof-of-Concept Evaluation in Qur’anic Question Answering
8.1. Evaluation Objective

This proof-of-concept experiment was conducted to move ThemePath-RAG beyond
a purely conceptual framework and to examine whether its retrieval stages can be
operationalized over a curated Qur’anic thematic corpus. The experiment focused on
retrieved-context relevance rather than answer generation, theological interpretation, or
cross-domain generalization.

The primary research question was as follows:

How does the ThemePath-RAG prototype compare with a Vector RAG baseline
in retrieving contexts relevant to Qur’anic question-answering queries?

The experiment should be interpreted as a retrieval-stage evaluation. It does not
establish that ThemePath-RAG is superior to conventional Vector RAG, nor does it evaluate
answer faithfulness, citation accuracy, doctrinal correctness, answer completeness, or expert
acceptability. Its purpose is to examine the practical behaviour of thematic-path retrieval,
candidate evidence expansion, weighted evidence scoring, and global evidence pruning.
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8.2. Evaluation Protocol

The evaluation set comprised N = 150 human-created Indonesian Qur’anic
question-answering instances. To construct the dataset, thematic paths and their as-
sociated ayat were randomly sampled from the curated thematic index by Indonesian
Islamic scholars, (available at https://alquranalhadi.com (accessed on 21 June 2026).).
Human annotators then formulated questions based on the sampled thematic paths and
associated ayat, so that each question reflected a specific thematic context and canonical
Qur’anic evidence. Exact duplicate questions and semantically near-duplicate questions
were removed during dataset preparation.

During dataset preparation, each Indonesian question was translated once into English
using gpt-4o-mini. The resulting fixed English translations were stored before retrieval
and were passed unchanged to the ThemePath-RAG pipeline. Thus, translation was not re-
peated during the retrieval or evaluation loop. The same English query representation was
used for thematic-path retrieval, candidate-ayah scoring, and RAGAS context-relevance
evaluation of the retrieved English ayat contexts.

Vector RAG used the original Indonesian question and Indonesian ayat representations.
Therefore, the two systems were paired by underlying question identity but were not fully
language-controlled. This representation difference may affect both retrieval behaviour
and LLM-based relevance assessment.

Context relevance was calculated using ContextRelevance from the RAGAS evalua-
tion framework with gpt-4o-mini as the LLM evaluator. For each instance, the evaluator
received only the query and the final retrieved contexts; no answer-generation model was
invoked in this experiment. The evaluation therefore measures retrieval-stage context rele-
vance rather than answer quality, faithfulness, citation correctness, or theological validity.

The paired design was selected to control for variation in question difficulty. For each
question instance qi, the final retrieved contexts from Vector RAG and ThemePath-RAG
were evaluated using the same RAGAS-based context-relevance procedure. This enabled
direct query-level comparison between the two retrieval settings.

The Vector RAG baseline treated individual Qur’anic ayat as independent retrieval
units and returned the top k = 3 ayat for each question. ThemePath-RAG first ranked
all curated thematic paths and retained the top m = 3 paths for candidate evidence
expansion. Candidate ayat associated with the selected paths were scored using the
weighted combination of lexical similarity, semantic similarity, and thematic-path similarity
defined in Equation (5) with the weight defined in Equation (7). Candidate ayat were then
deduplicated by ayat identifier, ranked globally, and pruned to the top k = 3 unique ayat.

Context relevance was evaluated using the RAGAS framework with gpt-4o-mini as
the LLM evaluator [167]. Scores ranged from 0 to 1, where higher values indicate greater
relevance between the user question and the retrieved contexts.

Table 4 summarizes the experimental configuration.
The final retrieval budget was closely matched between the two approaches. Vector

RAG returned exactly three ayat for every question, while ThemePath-RAG returned
three ayat for 149 questions and two ayat for one question. This design reduces the
influence of context quantity and allows the comparison to focus on the relevance of the
final evidence set.

However, the comparison is not a fully language-controlled benchmark. Vector RAG
used Indonesian question and ayat representations, whereas ThemePath-RAG used English
translations of the same questions and English ayat representations. This difference may
affect both retrieval behaviour and LLM-based relevance assessment.
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Table 4. Configuration of the Qur’anic QA proof-of-concept experiment.

Parameter Vector RAG ThemePath-RAG

Evaluation instances 150 150

Canonical evidence unit Ayat Ayat

Query representation Indonesian English translation

Ayat representation Indonesian translation English translation

Thematic-path representation Not applicable English thematic paths

Path-selection rule Not applicable Top-m = 3 paths

Lexical similarity weight Not applicable 0.30

Semantic similarity weight Not applicable 0.50

Path-similarity weight Not applicable 0.20

Initial path-candidate generation Not applicable English thematic-path vector search

Candidate evidence expansion Verse-level retrieval Cypher-based retrieval from selected thematic paths

Lexical scoring corpus Not applicable Unique English candidate ayat texts per query

Semantic and path embedding
model

text-embedding-
3-small

text-embedding-3-small

Similarity function Cosine similarity Cosine similarity

Component-score normalization Not applicable Per-query min–max normalization across expanded
(e, p) pairs

Duplicate handling Not applicable Maximum combined score retained per ayat reference

Final evidence selection Top-k = 3 ayat Global top-k = 3 unique ayat

Actual retrieved contexts 3 for all questions 3 for 149 questions; 2 for 1 question

Mean retrieved contexts 3.00 2.99

Mean context words 77.96 103.13

Evaluation framework RAGAS RAGAS

LLM evaluator gpt-4o-mini gpt-4o-mini

Primary metric Context relevance Context relevance

8.3. Context Relevance Results

Table 5 presents the descriptive results of the paired evaluation.

Table 5. Context relevance results for Vector RAG and ThemePath-RAG.

Measure Vector RAG ThemePath-RAG

Number of paired questions 150 150
Mean context relevance score 0.920 0.798
Standard deviation 0.201 0.285
Median context relevance score 1.000 1.000
First quartile 1.000 0.500
Third quartile 1.000 1.000
Minimum score 0.000 0.000
Maximum score 1.000 1.000
Perfect relevance score, 1.00 128 (85.3%) 94 (62.7%)
Zero relevance score, 0.00 1 (0.7%) 3 (2.0%)
Mean retrieved contexts 3.00 2.99
Mean context words 77.96 103.13
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Vector RAG achieved a mean context relevance score of 0.920, whereas ThemePath-
RAG achieved a mean score of 0.798. Vector RAG obtained a perfect relevance score on
128 of 150 questions (85.3%), compared with 94 questions (62.7%) for ThemePath-RAG.
Conversely, ThemePath-RAG produced a zero relevance score on three questions (2.0%),
whereas Vector RAG produced a zero score on one question (0.7%).

For each question qi, the paired score difference was calculated as

∆i = CRThemePath(qi)− CRVector(qi), (8)

where CRThemePath(qi) and CRVector(qi) denote the context relevance scores of ThemePath-
RAG and Vector RAG, respectively.

ThemePath-RAG obtained a higher score than Vector RAG on 11 questions (7.3%),
produced the same score on 88 questions (58.7%), and obtained a lower score on 51 ques-
tions (34.0%). The mean paired difference was −0.122, with a bootstrap 95% confidence
interval of [−0.173,−0.070]. A paired Wilcoxon signed-rank test indicated that Vector RAG
remained significantly stronger under the current configuration (W = 429.5, p < 0.001).

Therefore, the ThemePath-RAG prototype did not surpass the Vector RAG baseline in
RAGAS context relevance. Nevertheless, the experiment demonstrates that ThemePath-
RAG can be instantiated as a complete retrieval-and-pruning pipeline with a fixed final
evidence budget.

8.4. Qualitative Retrieval Examples

Table 6 summarizes three illustrative retrieval cases. The examples were selected to
show direct retrieval success, a verse-level retrieval failure, and a case in which thematic-
path guidance produced a more focused evidence set than Vector RAG.

Table 6. Illustrative qualitative comparison of Vector RAG and ThemePath-RAG retrieval outcomes.

Question Vector
RAG

ThemePath-
RAG

Interpretation

Bagaimana Musa men-
jelaskan siapa Tuhan itu
kepada Fir’aun?
(How did Moses ex-
plain who the Lord is to
Pharaoh?)

1.00 1.00 Both methods retrieved evidence
directly related to Fir’aun’s ques-
tion and Musa’s explanation of
the Lord. This case shows that
thematic-path retrieval can pre-
serve direct verse-level relevance
when the selected paths align
closely with the question.

Bagaimana jawaban Hud
kepada kaumnya ketika ia
dituduh kurang waras?
(How did Hud respond to
his people when they ac-
cused him of lacking rea-
son?)

1.00 0.50 Vector RAG retrieved the verse in
which Hud explicitly rejects the
accusation. ThemePath-RAG re-
trieved related evidence concern-
ing Hud’s call and his people’s
rejection but did not retrieve the
most direct verse containing his
response.

Apa akibat yang dise-
butkan bagi orang-orang
yang zalim?
(What consequence
is mentioned for the
wrongdoers?)

0.50 1.00 ThemePath-RAG retrieved a
more consistently consequence-
oriented evidence set. The
selected thematic route and final
evidence ranking are detailed in
Table 7.
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The first two cases illustrate that ThemePath-RAG can retrieve direct canonical evi-
dence when thematic-path selection is well aligned with the query, but it may still miss
the most specific ayat for verse-oriented questions. The third case demonstrates how
a curated thematic route can focus the candidate evidence space around the intended
semantic interpretation.

Table 7 presents the complete retrieval trace for the third case. Rather than treating
the thematic endpoint as final evidence, ThemePath-RAG uses the selected path to define
a focused candidate space and then ranks canonical ayat globally using lexical, semantic,
and thematic-path similarity. ThemePath-RAG first ranked the curated thematic paths
and retained the top m = 3 paths. Candidate ayat associated with these paths were then
expanded, scored using Equation (5), deduplicated by ayat identifier, and globally pruned
to the top k = 3 ayat.

Table 7. Worked ThemePath-RAG retrieval trace for the question on consequences for wrongdoers.
Path names are abbreviated for readability. Raw path similarity is used for path ranking; component
values in Panel B are normalized before weighted aggregation.

Panel A. Top-m = 3 thematic-path retrieval

Rank Curated Thematic Path Raw Path Similarity

P1 Story → People → Ashhab al-Ukhdud →
The Bad Consequences of Their Crime

0.539828

P2 Morals→ Destructive Morals→ Tyranny→
On the Day of Judgment, the Wrongdoers
Will Be in Fear

0.444480

P3 Sharia → Fiqh Mu’amalah → Condemna-
tion for Those Who Cheat

0.414062

Panel B. Global top-k = 3 evidence ranking after candidate expansion and deduplication

Rank Selected ayat and abbreviated evidence Path L̃exSim ˜SemSim ˜PathSim Score

1 Qur’an 42:22: wrongdoers are fearful of
what they have earned, and the consequence
will inevitably befall them

P2 1.000000 1.000000 0.241862 0.848372

2 Qur’an 85:10: those who commit crimes
against believing men and women and do
not repent face the punishment of Hell and
the Burning Fire

P1 0.000000 0.933415 1.000000 0.666707

3 Qur’an 83:1: warning of woe for those who
give less than due

P3 0.000000 0.902207 0.000000 0.451103

Panel C. Vector RAG top-k = 3 retrieval

Rank Retrieved ayat and abbreviated evidence Vector score

1 Qur’an 6:21: wrongdoers who fabricate falsehood or deny
Allah’s signs do not prosper

0.684167

2 Qur’an 24:50: a statement identifying a group as wrongdo-
ers, without directly describing their consequence

0.682845

3 Qur’an 10:54: wrongdoers witness punishment and conceal
their regret

0.682791

Although P1 obtained the highest raw query-to-path similarity, the direct thematic
route for the query was P2:

Morals→ Destructive Morals→ Tyranny→ On the Day of Judgment, the Wrong-
doers Will Be in Fear.

The candidate ayat from P2, Qur’an 42:22, received the highest final score because
it achieved the maximum normalized lexical and semantic similarity values among the
expanded candidates. This illustrates the intended role of thematic paths: they define a
focused semantic candidate space, while final evidence selection remains dependent on
query-aware scoring at the canonical ayat level.
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Vector RAG retrieved one relevant consequence-oriented verse, Qur’an 10:54, but
its higher-ranked evidence included a general statement that wrongdoers do not prosper
(Qur’an 6:21) and a verse that identifies a group as wrongdoers without directly explaining
their consequence (Qur’an 24:50). The resulting RAGAS context relevance score was 0.50.
In contrast, ThemePath-RAG retrieved a more consistently consequence-oriented evidence
set and obtained a context relevance score of 1.00.

For illustration, the selected ThemePath-RAG evidence supports the following citation-
grounded response:

The Qur’an states that wrongdoers will be fearful of what they have earned and
that the consequence of their deeds will inevitably befall them (Qur’an 42:22). It
also warns that those who commit crimes against believing men and women and
do not repent face the punishment of Hell and the Burning Fire (Qur’an 85:10). A
further warning of woe is given to those who cheat in measure (Qur’an 83:1).

This illustrative response is included to demonstrate the complete retrieval-to-evidence
pathway. Answer-generation quality, faithfulness, and citation correctness were not quanti-
tatively evaluated in the present proof of concept.

8.5. Interpretation of the Proof-of-Concept Results

The proof-of-concept experiment demonstrates that ThemePath-RAG can be imple-
mented over a curated Qur’anic thematic corpus and assessed using a retrieval-stage
metric. This directly addresses the limitation of presenting ThemePath-RAG only as a
conceptual framework.

However, the results do not support a claim that ThemePath-RAG currently outper-
forms Vector RAG in context relevance. Vector RAG achieved a higher mean relevance
score, a greater proportion of perfect scores, and significantly stronger paired performance
under the present evaluation configuration.

The result suggests that curated thematic paths can provide useful retrieval signals,
but their effectiveness depends on accurate thematic-path ranking and sufficiently selective
evidence pruning. ThemePath-RAG should therefore be interpreted as a feasible retrieval
framework for curated thematic corpora rather than as a method whose superiority follows
automatically from the use of thematic paths.

Several limitations should be considered. First, the Vector RAG and ThemePath-
RAG settings used different language representations. Second, the weighting scheme was
specified heuristically and was not optimized on an independent validation set. Third,
the experiment did not use manually annotated gold ayat references. Fourth, it evaluated
context relevance only and did not assess answer faithfulness, answer relevance, citation
accuracy, retrieval recall, or expert interpretation. Accordingly, this study presents the
evaluation as an initial proof of concept rather than as a definitive benchmark.

8.6. Implications for Further Evaluation

The findings identify several requirements for a controlled ThemePath-RAG bench-
mark. Future experiments should use the same language representation for the query,
thematic path, and candidate ayat, or use a multilingual embedding model that maps all
representations into a shared semantic space. Vector RAG and ThemePath-RAG should also
use the same Qur’anic translation, final top-k context budget, and evaluation procedure.

A stronger benchmark should compare at least four retrieval conditions:

1. Vector RAG using dense verse-level retrieval;
2. BM25 RAG using lexical verse-level retrieval;
3. thematic-path retrieval without query-aware evidence scoring; and
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4. ThemePath-RAG with weighted lexical, semantic, and path-based scoring followed
by global top-k pruning.

In addition to RAGAS-based context relevance, future evaluation should include
gold-ayah Precision@k, Recall@k, MRR, nDCG@k, citation accuracy, answer faithfulness,
answer relevance, context efficiency, and expert assessment. For Qur’anic QA, an additional
domain-specific metric should measure correct surah–ayah citation and correct distinction
between Qur’anic text, tafsir, and hadith.

Therefore, the present experiment should be regarded as the first empirical step
toward ThemePath-RAG evaluation. It establishes the feasibility of operationalizing curated
thematic paths, identifies the importance of calibrated evidence scoring and global pruning,
and provides a concrete basis for a future controlled benchmark.

9. Promising Cross-Domain Applications of ThemePath-RAG Beyond
Qur’anic Question Answering

The bibliometric and critical analyses suggest that the main opportunity for ThemePath-
RAG is not limited to religious question answering. The broader problem appears whenever
a corpus contains expert-authored thematic organization and canonical evidence units.
In this section, we expand the motivating case from Qur’anic QA to several promising
domains as listed in Table 8: library classification and digital libraries, Indonesian legal
codes, medical guidelines, educational taxonomies, and policy or government document
systems. These domains differ in content, risk level, and evaluation criteria, but they share
the same structural retrieval problem: a retrieved category or endpoint is often too broad
to be used directly as final evidence.

Table 8. Promising Domains for ThemePath-RAG Beyond Qur’anic Question Answering.

Domain Curated Path Example Canonical Evidence Unit Pruning Criteria Primary Risk

Library clas-
sification

Knowledge domain →
class→ subject heading
→ collection

Bibliographic record, ab-
stract, subject heading,
full-text passage

Subject overlap, meta-
data proximity, source
type, publication con-
text

Overbroad recom-
mendation

Indonesian
legal codes

Legal area → law →
chapter → article →
clause

Article, paragraph, clause,
explanatory note, SOP step

Article specificity, juris-
diction, clause match,
authority level

Wrong legal cita-
tion or advice

Medical
guidelines

Disease category → di-
agnosis→ treatment→
contraindication

Guideline statement, evi-
dence grade, clinical note

Patient constraints,
guideline section,
evidence grade, con-
traindication match

Unsafe medical
suggestion

Education
and curricu-
lum

Competency → topic
→ subtopic→ learning
outcome

Learning outcome, module
section, assessment item

Grade level, prerequi-
site, Bloom level, topic
match

Mismatched diffi-
culty or objective

Policy and
compliance

Policy area → regula-
tion → requirement →
procedure

Regulation clause, audit
item, required document

Actor, obligation type,
effective date, proce-
dure match

Misstated obliga-
tion

9.1. Case 1: Library Classification and Digital Library Retrieval

Library and information science provides a strong domain for ThemePath-RAG be-
cause library collections are already organized through classification schedules, subject
headings, controlled vocabularies, thesauri, collection hierarchies, and bibliographic meta-
data. A digital library item is rarely just a text chunk. It is connected to class numbers,
subject descriptors, authors, publication types, collections, languages, and institutional
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repositories. Recent RAG studies in digital libraries and cultural heritage show the po-
tential of retrieval-augmented systems for reading promotion, cultural heritage access,
and collection-oriented search [168,169]. However, standard RAG pipelines often flatten
bibliographic records, abstracts, full-text documents, or metadata into independent chunks.

A library classification path can be treated as a curated thematic path. For instance, a
user query about “machine learning for digital library recommendation” may map to a path
such as Computer Science→ Artificial Intelligence→Machine Learning→ Recommender
Systems→ Digital Libraries. Endpoint-only retrieval may return every document under
recommender systems or digital libraries, but only a subset may address the user’s specific
need. ThemePath-RAG can retrieve the classification path, expand candidate bibliographic
records and full-text passages under the path, and prune evidence using query-to-record
relevance, subject-heading overlap, metadata proximity, citation availability, and source
type priority. This is particularly useful for scholarly recommendation, reference advisory
systems, literature mapping, and OPAC-style conversational search.

In this domain, the canonical evidence unit is not necessarily a verse or legal article. It
may be a bibliographic record, abstract, paragraph, controlled subject heading, classification
notation, or cited work. The citation requirement is also different. The system should
preserve bibliographic metadata, distinguish item-level evidence from collection-level
summaries, and avoid recommending documents solely because they share a broad class.
Therefore, ThemePath-RAG can serve as a bridge between knowledge organization systems
and LLM-based retrieval.

9.2. Case 2: Indonesian Legal Codes and Regulatory Question Answering

Legal corpora are highly suitable for ThemePath-RAG because they are naturally
hierarchical and citation-sensitive. Indonesian legal materials may include constitutions,
statutes, government regulations, ministerial regulations, regional regulations, articles,
paragraphs, clauses, explanatory notes, and court decisions. Legal QA has already become
an active RAG application area, including legal document access, contract law assistance,
compliance review, public procurement law, legal knowledge graphs, and Indonesian
legal QA [46,118,120,123,170–173]. Indonesian RAG studies also include government
document chatbots, Dukcapil SOP question answering, and Indonesian legal document
processing [173–175]. More specifically, Indonesian civil law has already been modeled
as a graph-based RAG corpus using 2,128 articles from the KUH Perdata, with Neo4j
representing the legal hierarchy across books, chapters, sections, and articles [8]. The
benchmark evaluated multiple LLMs using RAGAS metrics, including faithfulness, answer
relevancy, and context entity recall. These findings provide direct empirical motivation
for ThemePath-RAG: graph-structured legal retrieval improves contextual grounding, but
additional query-aware pruning is needed when a retrieved legal path or node contains
multiple potentially relevant provisions.

A legal question rarely asks for a broad topic alone. It usually requires a precise
article, clause, exception, condition, or procedural step. For example, a user may ask
about requirements for a civil registration procedure, criminal liability, contractual validity,
land administration, or public-service obligation. A thematic path may look like Civil
Administration→ Population Registration→ Identity Document→ Required Procedure.
If the system retrieves all provisions under the endpoint, it may include irrelevant articles,
definitions, transitional rules, sanctions, or administrative procedures. ThemePath-RAG
can reduce this problem by using the legal hierarchy as a retrieval route and then pruning
evidence at the article, clause, or SOP-step level.

For Indonesian legal codes, the scoring function should be adapted. Source priority
may rank statutory text above explanatory notes, secondary commentary, and generated
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summaries. Citation specificity should reward exact references to law number, year, article,
paragraph, and clause. Graph proximity may capture whether a clause belongs to the same
chapter or subsection as the retrieved legal path. Lexical scoring can be useful because
legal terms, article numbers, and institutional names often require exact matching. The
output should distinguish binding legal text from explanatory interpretation and should
include a caution that the system is not a substitute for professional legal advice.

9.3. Case 3: Medical Guidelines and Clinical Pathways

Medical RAG is one of the largest domain-specific clusters in the bibliometric anal-
ysis. Recent studies include hybrid medical RAG, knowledge-graph medical QA, clini-
cal decision support, electronic health records, and evidence-based hallucination reduc-
tion [28,32,52,61,63,90,107,109]. Medical corpora often contain curated structures such
as disease categories, diagnostic criteria, treatment pathways, contraindications, dosage
instructions, evidence grades, and clinical workflow stages. This makes them a natural
candidate for ThemePath-RAG.

A medical query such as “What is the recommended next step for an elderly patient
with suspected condition X and contraindication Y?” cannot be answered by retrieving a
broad disease page alone. It requires movement along a clinical path, for example, Disease
Category → Diagnosis → Risk Stratification → Treatment Option → Contraindication.
Endpoint-only retrieval may return many guideline statements, but only some apply to
the specific patient scenario. ThemePath-RAG can retrieve the guideline path and prune
evidence using query constraints, patient context, evidence grade, guideline section, and
contraindication matching.

The medical case also demonstrates why evidence pruning is not only an efficiency
mechanism. It is a safety mechanism. Broad retrieval may expose the LLM to irrelevant
treatments or outdated context. Query-aware pruning helps ensure that generated answers
cite the most specific guideline statements and do not mix diagnosis, treatment, and patient-
education content without clear separation.

9.4. Case 4: Educational Taxonomies and Curriculum-Based QA

Educational corpora are often organized by curriculum standards, competencies, learn-
ing outcomes, topics, subtopics, Bloom’s taxonomy levels, assessment rubrics, and learning
resources. RAG has been applied to educational policy understanding, adaptive tutoring,
educational knowledge graphs, automatic question generation, and higher education sup-
port [44,62,124–127,129,130,176]. These applications often require retrieval that respects
curricular structure rather than merely retrieving semantically similar paragraphs.

A student question such as “Can you explain recursion for a beginner and give
me practice questions at the application level?” implies a path such as Programming
→ Functions→ Recursion→ Beginner Explanation→ Bloom Application. A standard
vector retriever may return advanced material, examples from unrelated languages, or
assessment items with mismatched difficulty. ThemePath-RAG can retrieve the curriculum
path, expand candidate learning materials, and prune them using topic match, learning
outcome alignment, grade level, prerequisite structure, and assessment level. In this case,
citation specificity may refer not only to sources but also to curriculum identifiers, course
learning outcomes, or module sections.

9.5. Case 5: Policy, Government, and Compliance Documents

Policy and compliance documents are another promising domain because they com-
bine hierarchy, authority, and procedural specificity. RAG studies have addressed reg-
ulatory compliance, audit policy, pharmacy policy assistance, public procurement, and
government-document chatbots [114–116,119,121,122,174]. These corpora often have a
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structured path such as Policy Area→ Regulation→ Requirement→ Procedure→ Ev-
idence Document. A query may require a specific compliance obligation rather than all
documents under a policy theme.

ThemePath-RAG can exploit this structure by using policy paths as retrieval routes
and pruning candidate evidence according to obligation type, jurisdiction, effective date,
responsible actor, procedural step, and required documentation. This is especially relevant
for public-sector chatbots, university accreditation systems, audit assistants, and regulatory
compliance copilots. The system should preserve source hierarchy and avoid presenting
policy summaries as binding obligations unless the underlying regulation is cited.

10. Evaluation Agenda and Benchmark Design
10.1. Research Questions

A future controlled benchmark should address the following questions. First, under
matched language representations, evidence budgets, and gold evidence annotations, under
which conditions can ThemePath-RAG improve retrieval quality relative to flat Vector
RAG, BM25 RAG, hybrid retrieval, and graph-based retrieval? Second, can query-aware
evidence pruning reduce context redundancy while preserving evidence coverage and
answer completeness? Third, can ThemePath-RAG improve citation accuracy in canonical
text question answering? Fourth, how should lexical similarity, semantic similarity, path
similarity, graph proximity, source priority, and citation specificity be calibrated using an
independent validation set? Fifth, can ThemePath-RAG generalize beyond Qur’anic QA to
other curated thematic corpora?

10.2. Dataset Construction

For Qur’anic QA, a benchmark dataset should include factual questions, thematic
questions, multi-hop questions, comparative questions, historical-context questions, tafsir-
oriented questions, and hadith-related questions. Each question should be annotated
with gold ayah references, optional tafsir evidence, optional hadith evidence, relevant
thematic path, and expected answer type. A controlled Qur’anic benchmark should also
ensure that the query, thematic-path labels, candidate ayat, and retrieval baseline use the
same language representation or a verified multilingual representation. The present proof
of concept used Indonesian representations for Vector RAG and English representations
for ThemePath-RAG; therefore, future evaluation should eliminate this confound. Gold
ayah references should be annotated independently to support Precision@k, Recall@k,
MRR, and nDCG@k evaluation. For cross-domain validation, similar benchmark structures
can be created for library classification, Indonesian legal codes, medical guidelines, and
educational curricula. A library benchmark may annotate gold bibliographic records,
subject headings, classification paths, and recommended evidence passages. A legal
benchmark may annotate law numbers, articles, paragraphs, clauses, explanatory notes,
and procedural steps. A medical benchmark may annotate guideline sections, evidence
grades, contraindications, and clinical pathway nodes. An educational benchmark may
annotate learning outcomes, prerequisite topics, grade levels, and assessment levels. This
cross-domain design would test whether ThemePath-RAG is a general retrieval framework
rather than a single-domain solution.

10.3. Baselines

The present proof of concept compares Vector RAG with the weighted ThemePath-
RAG implementation only. The additional baselines below are proposed for a future
controlled benchmark. Minimum baselines should include BM25-only RAG, vector-only
RAG, hybrid BM25 plus vector RAG, graph endpoint retrieval with all connected evidence,
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graph neighborhood retrieval, thematic path retrieval without pruning, and ThemePath-
RAG. Stronger baselines may include HippoRAG-inspired PPR retrieval and PathRAG-
inspired path pruning.

10.4. Metrics

The present proof-of-concept evaluation reports RAGAS-based context relevance as
a retrieval-stage diagnostic metric. A future benchmark should extend this assessment
with gold-evidence retrieval metrics, evidence-efficiency metrics, answer-quality metrics,
citation-quality metrics, and domain-specific safety measures. As shown in Table 9, recom-
mended retrieval metrics include Precision@k, Recall@k, MRR, nDCG@k, gold evidence hit
rate, evidence redundancy ratio, and context reduction ratio. Recommended answer met-
rics include faithfulness, groundedness, citation accuracy, answer relevance, completeness,
hallucination rate, and source distinction accuracy. Domain-specific metrics should reflect
the canonical evidence units of each corpus. For Qur’anic QA, additional metrics include
correct surah and ayah citation; correct distinction between Qur’an, tafsir, and hadith; no
unsupported religious ruling; evidence sufficiency; and interpretive caution. For legal QA,
metrics should include article or clause citation accuracy and authority-level distinction.
For library systems, metrics should include subject-heading alignment, bibliographic meta-
data correctness, and recommendation relevance. For medical QA, metrics should include
guideline-section accuracy, evidence-grade alignment, and unsafe-recommendation rate.
For education, metrics should include learning-outcome alignment, grade-level match, and
assessment-level match.

Table 9. Current and Recommended Evaluation Dimensions for ThemePath-RAG.

Dimension Example Metrics

Current PoC metric RAGAS context relevance
Retrieval quality Precision@k, Recall@k, MRR, nDCG@k, gold evidence hit rate
Evidence efficiency Context length, context reduction ratio, evidence redundancy ratio
Answer grounding Faithfulness, groundedness, hallucination rate
Citation quality Citation accuracy, source distinction accuracy
Domain sensitivity Evidence sufficiency, unsupported-claim rate, interpretive caution

11. Discussion
11.1. Why ThemePath-RAG Is Not Just Hybrid Retrieval

ThemePath-RAG does not merely combine vector retrieval and lexical scoring. Its
novelty lies in retrieval architecture. It defines thematic paths as retrieval objects, treats
endpoint themes as candidate spaces rather than final evidence, and introduces query-
aware pruning over canonical units. Vector retrieval can be used to find thematic paths,
and BM25 can be used to prune candidate evidence, but the framework is defined by the
staged use of curated paths and canonical evidence units.

The proof-of-concept result should not be interpreted as evidence that this architecture
is empirically superior to Vector RAG. Under the present evaluation setting, Vector RAG
achieved higher context relevance. The contribution of ThemePath-RAG is therefore its
explicit retrieval architecture for exploiting curated semantic paths and globally pruning
canonical evidence, whose effectiveness requires further controlled evaluation.

11.2. Relation to HippoRAG and PathRAG

This paper provides a conceptual comparison with HippoRAG and PathRAG, but it
does not include a direct empirical benchmark against either method. Such comparisons
remain necessary before claims about relative effectiveness can be made. HippoRAG is
valuable for associative retrieval across constructed knowledge graphs. It uses PPR to
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retrieve related passages through graph activation. ThemePath-RAG adopts the insight that
retrieval should not stop at isolated chunks, but it differs by starting from curated thematic
paths rather than OpenIE-generated graph nodes. PathRAG is valuable because it identifies
redundancy as a central weakness of graph-based RAG and proposes path-level prun-
ing. ThemePath-RAG adopts the anti-redundancy principle but differs by using curated
thematic paths as semantic routes and pruning canonical evidence under those paths.

11.3. Generalization Potential

The expanded case studies indicate that ThemePath-RAG is best understood as a
framework for corpora whose structure has already been organized by experts. Its gen-
eralization depends on three conditions: the corpus must contain meaningful paths, the
terminal or intermediate nodes must connect to citeable evidence units, and the domain
must benefit from pruning evidence before generation. Qur’anic QA, library classification,
legal codes, medical guidelines, curriculum standards, and compliance documents satisfy
these conditions in different ways. These domains appear structurally compatible with the
ThemePath-RAG formulation because they contain curated paths and citeable evidence
units. However, empirical generalization beyond Qur’anic QA has not yet been established.
The proposed cross-domain applications should therefore be interpreted as motivated
design hypotheses for future evaluation rather than validated deployments.

11.4. Practical Efficiency

ThemePath-RAG may offer practical efficiency benefits because thematic-path retrieval
can narrow the candidate evidence space before final evidence scoring. In static corpora,
thematic paths and associated evidence metadata can be precomputed, allowing lexical and
semantic scoring to operate over a restricted candidate set rather than the entire corpus.

However, the present proof-of-concept evaluation does not measure retrieval latency,
computational cost, memory consumption, or end-to-end token efficiency. Although the
final evidence budget was closely matched between the two systems, ThemePath-RAG
returned slightly longer contexts on average than Vector RAG (103.13 versus 77.96 words).
Therefore, no empirical efficiency advantage is claimed. Future work should report retrieval
time, scoring time, context length, token usage, and answer-generation cost under matched
hardware and model settings.

12. Limitations and Open Challenges
This paper combines a critical survey, bibliometric analysis, framework proposal, and

an initial proof-of-concept evaluation in Qur’anic question answering. The experiment
demonstrates the operational feasibility of ThemePath-RAG, but it does not constitute a
comprehensive benchmark. Under the present paired evaluation, Vector RAG achieved
significantly higher RAGAS context relevance than ThemePath-RAG. The result should not
be interpreted as evidence of superiority for ThemePath-RAG across retrieval architectures
or domains.

Several factors limit causal interpretation. Although both systems returned approxi-
mately three final ayat, Vector RAG used Indonesian question and ayat representations,
whereas ThemePath-RAG used English translations. The proof of concept also used heuris-
tic similarity weights rather than weights selected through an independent validation
procedure. In addition, the evaluation used a single LLM-based RAGAS evaluator and did
not include manually annotated gold ayah references, human expert assessment, answer-
faithfulness evaluation, or citation-accuracy evaluation. Future work should conduct a
language-matched, multi-baseline benchmark with gold evidence labels and expert review.
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Another limitation is that curated thematic structures may vary in quality across
domains. Some corpora have expert-authored taxonomies, while others require manual
or semi-automatic construction. ThemePath-RAG also faces challenges in multi-path
queries, evidence diversity, interpretive ambiguity, cross-lingual retrieval, and expert
evaluation cost.

In sacred, legal, and medical domains, evaluation should involve domain experts.
Citation accuracy and groundedness cannot always be judged reliably by automatic metrics
alone. Future studies should also explore how to represent uncertainty, disagreement, and
multiple valid interpretations in the final answer.

13. Conclusions
RAG research has rapidly advanced from flat vector retrieval to graph-based, agentic,

multimodal, and memory-inspired systems. However, most existing methods still assume
that knowledge is either stored as flat chunks or must be automatically structured into an
indexing graph. This overlooks a class of high-value corpora that already possess curated
thematic structures.

This paper identified this gap through a critical survey supported by bibliometric
evidence from 2815 Scopus-indexed RAG-related records. The bibliometric analysis shows
that RAG research is rapidly expanding and globally active, but its dominant vocabulary
remains centered on general LLM-retrieval integration, information retrieval, question
answering, semantics, and knowledge graphs. It does not reveal a mature cluster around
curated thematic paths or canonical evidence pruning.

To address this gap, this paper proposed ThemePath-RAG as a retrieval framework
for curated thematic corpora and operationalized it in a Qur’anic question-answering
proof of concept. ThemePath-RAG treats curated thematic paths as high-recall semantic
routes, expands candidate canonical evidence, and applies query-aware scoring and global
pruning to produce a compact final evidence set.

The paired proof-of-concept evaluation showed that ThemePath-RAG can be im-
plemented with top-m = 3 thematic-path selection and global top-k = 3 ayat pruning.
However, Vector RAG achieved higher RAGAS context relevance than ThemePath-RAG
under the current configuration (0.920 versus 0.798; p < 0.001). Thus, the experiment estab-
lishes feasibility and identifies evidence-selection challenges, rather than demonstrating
superiority over conventional vector retrieval.

The broader contribution of ThemePath-RAG is to frame curated thematic organi-
zation as a retrieval resource that can guide evidence selection before generation. Its
potential application to legal codes, clinical guidelines, educational curricula, policy docu-
ments, and library taxonomies remains a hypothesis requiring cross-domain validation.
Future work should test this framework using language-matched benchmarks, stronger
retrieval baselines, gold evidence annotations, answer-level metrics, citation evaluation,
and expert assessment.
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