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Abstract: Reviews and bibliometrics can assist researchers in acquiring structural knowledge.
However, reviews may not always be available for every specific topic, and bibliometrics fails to
consider the actual content of papers. Al tools can facilitate the acquisition of detailed information
more easily, but their reliability can be questionable, and researchers must first identify the relevant
papers. This study introduces a framework, literature map, that integrates the actual content of
papers into vectors and clusters them. These clusters are then translated into a map view, with
customized summarizations generated by a large language model to reveal structural knowledge.
Graph knowledge and text chunks are extracted from the internal text of the literature and integrated
into a graph database, enabling both global and local searches for detailed knowledge. The literature
map framework is both universal and customizable, and can serve as a complement to reviews and
bibliometrics. A video example  has  been  uploaded to  YouTube at
www.youtube.com/watch?v=phkr9EfvOfl.

Keywords: literature map; bibliometrics; graph knowledge; HybirdRAG

Introduction

All researchers engage with literature; however, a significant portion of their time is often spent
searching for the necessary literature. Sometimes, researchers read literature to gain structural
knowledge, such as understanding the main concepts, methodologies, and viewpoints within a
specific field. Occasionally, they may find a review that perfectly satisfies their curiosity. Yet, the
challenge with reviews is that they are not always available and may not meet personalized needs.
Bibliometrics is another popular choice. Bibliometrics analysis relies heavily on citation or co-citation
relationships. For instance, a simplified co-citation network of three papers on global warming, as
depicted in Figure 1A, is based on common bibliometric methods. However, upon closely examining
the content of these three papers, the network should more accurately resemble Figure 1B. The issue
with bibliometrics is that it does not take into account the actual content of the literature.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Co-citation network consisting of three hypothetical papers on global warming.

Researchers also read literature to acquire detailed knowledge. Numerous Al tools can facilitate
this process, such as ChatPDF (chatpdf.com) and ChatGPT (chatgpt.com). However, directly asking
questions to these Al tools may not always yield accurate results due to their hallucinations [1]. A
more effective approach is for researchers to upload the relevant documents to these tools and inquire
about specific details. This, however, presupposes that they have already identified the appropriate
literature, which often is the most time-consuming part. Some tools, like SCISPACE (typeset.io),
enable researchers to pose targeted questions, but they may not always delve into details.

The present study introduces a framework known as the literature map, designed to reveal both
structural and detailed knowledge within the literature. This framework embeds literature into
vectors, clusters the documents, and visually represents the inner structure in map form. Each cluster
is accompanied by a summary generated by a large language model (LLM). Both GraphRAG [2,3]
and VectorRAG [4] are utilized to enhance the retrievability of literature, facilitating both global and
local searches. This literature map framework is versatile and can be applied across various fields,
potentially aiding researchers in more efficiently acquiring both structural and detailed knowledge.

Results
Data Cleaning and Traditional Bibliometric Analysis

A total of 8,179 papers were collected, and after the cleaning process, 7,220 papers remained.
Subsequently, 65 clusters were identified using CiteSpace [5].

Literature Embedding and Clustering

Various embedding-clustering combinations were tested to determine their effectiveness. The
highest same-cluster ratio, at 0.64, was achieved using spectral clustering with the BAAI/bge-small-
en-v1.5 [6] embedding and Euclidean distance as the distance metric (Table 1). A total of 72 clusters
were identified, and this embedding-clustering pair was selected for further analysis. Some
embedding-clustering pairs were not evaluated because the number of clusters they produced
deviated significantly from the results obtained through traditional bibliometric analyses.

Table 1. Clustering metrics for embedding-clustering pairs. Each pair is designated by the clustering method,
distance metric, and embedding method. AP denotes Affinity Propagation. Cosine and Euclid represent cosine

similarity and Euclidean distance, respectively. The last component of each name specifies the embedding model

used.
Embedding-clustering pair # of same Cluster# of different ClusterSame Cluster Ratio
AP_cosine_LaBSE 97 229 0.30

AP_cosine_bge 189 137 0.58
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AP_cosine_roberta 55 271 0.17
spectral_Euclid_bge 209 117 0.64
spectral_Euclid_LaBSE 99 227 0.30
spectral_Euclid_roberta 71 255 0.22
spectral_Euclid_PubMedBERT 35 291 0.11
spectral_cosine_bge 172 154 0.53
spectral_cosine_LaBSE 101 225 0.31
spectral_cosine_roberta 84 242 0.26
spectral_cosine_PubMedBERT 138 188 0.42

The consistency among different embedding-clustering pairs was also assessed using the
Adjusted Rand Index [7] and Normalized Mutual Information [8] metrics. As depicted in Figure 2,
no significant consistency was observed among the various pairs.
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Figure 2. Consistency among different embedding-clustering pairs. Each pair is designated by the clustering
method, distance metric, and embedding method. AP denotes Affinity Propagation. Cosine and Euclid represent
cosine similarity and Euclidean distance, respectively. The last component of each name specifies the embedding
model used.

Hybrid RAG of Literature

A total of 451 open access papers were collected and processed. These papers were digested and
imported into Neo4;j [9], incorporating both graph knowledge and text chunks. As depicted in Figure
3A, both entities and relationships were stored in the Neo4j database, each associated with the
corresponding Digital Object Identifier (DOI) of the paper from which they were derived. Figure 3B
illustrates that text chunks were also stored in the database, along with their source. This approach
enables both GraphRAG and VectorRAG, facilitating the global and local retrieval of literature.
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Figure 3. Graph knowledge (A) and text chunks (B) are stored in Neo4j database.

Literature Map

A literature map was constructed, metaphorically representing papers as cities and clusters as
states (Figure 4). Figure 4A illustrates the capitals for clusters, with pop-up tips displaying
customized information. Additionally, a plugin was deployed on the right to display customized
keywords extracted by a LLM, offering a rapid overview of the clusters. Figure 4B demonstrates that
upon hovering over each node, a pop-up tip is triggered, revealing the title, DOI, and abstract of the
corresponding paper. An additional plugin was provided on the right for users to pose questions.
When a user inputs a question, the backend application programming interface (API) not only
retrieves an answer from the literature but also supplies DOIs for the papers containing the relevant
context. This feature allows users to verify the data source. A video example has been uploaded to
YouTube at www.youtube.com/watch?v=phkr9Efv9fl, and readers are encouraged to view it for a
more immediate impression.
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Figure 4. Literature map visualization. A. The large-scale view displays cluster capitals and their
summarizations, with a plugin on the right serving as a legend that showcases keyword summarizations
extracted by a LLM. B. The small-scale view presents detailed information for individual papers, alongside a
plugin on the right designed to answer questions and provide the data sources.

Discussion

The present study introduces an innovative framework named as the literature map, designed
to offer a universal solution to meet researchers’ daily needs for both structural and detailed
knowledge. Traditionally, literature reviews have been instrumental in helping researchers acquire
structural knowledge. However, it is not always possible to find reviews that precisely cover their
specific demands. Bibliometrics is also a valuable tool, but it falls short in considering the actual
content of the literature. Additionally, while Al tools can be helpful, they are not always reliable and
may lack the depth required for detailed analysis.

Although these tools may not consistently satisfy researchers’ needs, this does not imply that
the framework presented in this study is a competitive replacement for them. On the contrary, the
current framework is designed to serve as a universal complementary tool, addressing researchers’
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personalized demands. Readers are strongly encouraged to view the video example at
www.youtube.com/watch?v=phkr9Efvofl, to gain a better understanding of its application

Significant programming and engineering efforts have been dedicated to the present study. In
addition to the embedding-clustering pairs presented in the results, various embedding models were
evaluated, including sentence-transformers/paraphrase-xlm-r-multilingual-vl [10], universal-
sentence-encoder [11] and Doc2Vec [12]. A range of clustering algorithms were also tested, such as
Density-Based Spatial Clustering of Applications with Noise [13], Hierarchical clustering [14], and
Weighted Correlation Network Analysis [15]. However, these alternative embedding and clustering
methods did not yield satisfactory results, and thus, they were not included in the final analysis.

In the current framework, lines connecting nodes are intentionally omitted. While it would be a
straightforward task to introduce lines between nodes, as is common in traditional bibliometric
methods where lines represent citation or co-citation relationships, doing so could also make the
literature map appear more like a traditional map. However, such an addition would not enhance
users’ ability to gain structural or detailed knowledge and would come at the cost of increased
complexity. This rationale also informs why only the minimum spanning tree algorithm and spring
layout algorithm were tested for visualizing the connections between nodes. And no more algorithms
were tested.

The current framework is designed to be both universal and customizable, offering broad
applicability to various topics and extending its utility beyond literature analysis. Readers have the
option to employ LLMs to tailor the summarizations of each cluster, thereby unveiling more
personalized structural knowledge within each subject area. Additionally, a customized legend can
be created to serve specific purposes, enhancing the interpretability of the literature map. The
visualization style can be further customized, for instance, by encoding node size with user-defined
information or by rendering the map in three dimensions to provide a more immersive visual
experience.

A lot of work could be done in the future upon the current literature map framework, including
the refinement of map layout algorithms and the alignment of multilingual data. It would be
worthwhile to explore canonical methods, such as burst detection techniques commonly used in
bibliometrics, particularly if temporal dimensions are incorporated into the framework. As depicted
in Figure 2, the low consistency among various embedding-clustering pairs suggests that the choice
of embedding and clustering methods significantly influences the final outcome. Given that only a
limited number of embedding-clustering pairs have been tested thus far, further exploration of
additional methods is needed. As indicated in Table 1, PubMedBERT [16] did not achieve high
performance; however, this does not necessarily imply that domain-specific embedding models are
ineffective. On the contrary, domain- or project-specific embedding models may significantly
enhance performance with appropriate fine-tuning. Nonetheless, additional experiments are
required to validate this hypothesis. Further programming efforts could integrate the literature map
within web browsers, making it accessible to the public.

One major limitation of the present study is that each paper is classified into only one cluster,
which is a common strategy adopted by bibliometrics too. A paper could involve several topics at the
same time and has the potential to be classified into several clusters. Some algorithm like hierarchical
navigable small world [17] may fit this situation. But its visualization [18] is not easy for human to
understand and researcher could not gain structural knowledge from it. Meanwhile, if enough
literature is collected, all clusters could be identified and comprehensive structural knowledge could
also be revealed. This could justify both canonical bibliometrics and the current framework adopting
the same clustering strategy. The current study included 7,220 papers and generate 72 clusters, which
is quite close to the 65 clusters identified with CiteSpace. Therefore, comprehensive structure should
be successfully revealed in the present study. In the future, well fine-tuned long context window
LLMs could be a solution for this problem, by digesting all literature at once.

A major limitation of the present study is that each paper is assigned to only one cluster, a
strategy commonly employed in bibliometrics too. However, a paper may encompass multiple topics
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and could potentially be classified into several clusters. Algorithms such as the Hierarchical
Navigable Small World [17] may be more suitable for handling such complex categorizations. Yet,
the visualization [18] of such algorithms can be challenging for human comprehension, and
researchers may struggle to extract structural knowledge from them. Concurrently, if a sufficient
corpus of literature is collected, all clusters could be identified and comprehensive structural
knowledge could also be revealed. This could validate the use of similar clustering strategies in both
traditional bibliometrics and the current framework. The current study included 7,220 papers and
generated 72 clusters, which is notably close to the 65 clusters identified using CiteSpace. Thus, the
study likely succeeded in revealing a comprehensive structure. In the future, LLM with long context
windows could offer a solution to this challenge by processing all literature simultaneously.

Methods

Literature Collection, Cleaning and Traditional Bibliometric Analysis

An arbitrary topic was selected from the Web of Science Core Collection as an illustrative
example. The search query combined the terms "covid” (All Fields) and ‘'mrna vaccine’ (All Fields).
The bibliometric data retrieved included abstracts and references. Duplicate records were removed
to ensure that only unique entries were retained. Records lacking an abstract were also excluded. A
traditional bibliometric analysis was conducted using CiteSpace, with the aim of identifying the
number of clusters within the topic. The analysis was configured to consider the top 30% of papers
and a maximum of 500 papers per slice; all other parameters were set to their default values.

Literature Embedding and Clustering

To ensure the accurate representation of the literature’s meaning, the initial step involves
embedding the literature into vectors, which means transforming text into numerical representations
within a high-dimensional space [19,20]. For simplicity, only the abstracts of the literature were
embedded. Several embedding models were tested, including BAAl/bge-small-en-v1.5, sentence-
transformers/LaBSE [21], sentence-transformers/stsb-roberta-base [10], microsoft/BiomedNLP-
BiomedBERT-base-uncased-abstract (formerly PubMedBERT). Both cosine similarity and Euclidean
distance were employed to calculate the distances between abstracts. Subsequently, clustering was
conducted using Affinity Propagation [22] and Spectral Clustering algorithms.

Due to the absence of ground-truth labels for the data, and the variation in cluster labels among
different embedding-clustering pairs for each record, traditional evaluation methods could not be
applied to the clustering results. Record pairs that appeared in at least two different embedding-
clustering pairs were manually filtered to retain only those that were highly similar. The successful
co-occurrence ratios, or same-cluster ratios, of these record pairs were then calculated for each
embedding-clustering pairs. The consistency among different embedding-clustering configurations
was evaluated using the Adjusted Rand Index and Normalized Mutual Information.

Hybrid Retrieval Augmented Generation (RAG) of Literature

For the purpose of enabling both global and local retrieval of literature, GraphRAG and
VectorRAG were utilized. To simplify the process, only the top-most cited open-access papers in each
cluster were selected. These papers were collected and parsed using Grobid [23] to extract relevant
information and exclude references. Graph knowledge, including entities and relationships, was then
extracted from these papers with llama3.1 [24], powered by Ollama (ollama.com). This graph
knowledge was subsequently inputted into Neo4j, a graph database. Concurrently, the text of these
papers was chunked and embedded into Neo4j, facilitating hybrid retrieval. DOIs of these papers
were also tagged with corresponding data to ensure source tracing. An API was developed, enabling
users to input questions about the literature. The API performs both graph and vector retrieval for
user’s questions. Llama3.1 extracts answers from the retrieved data and sends them back to the user,
along with the DOISs of the corresponding papers.
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Literature Map

Papers served as nodes within the literature map. Initially, the distribution of papers within each
cluster was calculated and finally merged to form a comprehensive literature map. The minimum
spanning tree algorithm from SciPy [25] and the spring layout algorithm from NetworkX [26] were
utilized to determine the distribution of papers within each cluster. Subsequently, hierarchical
clustering [14] was conducted on all identified clusters. These clusters were assembled sequentially,
following the sequence established by the hierarchical clustering. The layout of all papers was then
converted into GeoJSON format to facilitate input into QGIS [27], incorporating geographical
information.

Once inputted into QGIS, the borders of each cluster were drawn to distinguish them from each
other, resulting in distinct visual representations akin to different states. Nodes, representing papers
in the literature or cities on a map, were given different colors to distinguish between different
clusters (or states). The size of nodes was set proportionally to their measured similarity with other
nodes within the same cluster. Capitals were calculated as centroid for each cluster and labeled in the
literature map. Pop-up tips were enabled for each capital, with customized information generated by
Kimi [28], an Al assistant capable of processing extensive context. To exemplify, Kimi provided
summaries of the main subjects, methods, and conclusions for each cluster. Pop-up tips were also
enabled for each node, displaying the title, DOI, and abstract. Continuous zooming and level-of-
detail display features were enabled, enhancing the interface to more closely resemble a map. In
traditional maps, lines between nodes usually indicate transportation routes. In the current literature
map framework, lines connecting nodes were omitted to enhance clarity.

To enhance the clarity of the literature’s structure, a QGIS plug-in was developed to function as
a map legend. To exemplify, Kimi extracted the top keywords to reveal the main topics within each
cluster. Additionally, another QGIS search plug-in was developed, enabling users to query topics of
interest. The backend API will extract relevant answers from the corresponding graph data and text
chunks, and will also provide the corresponding DOIs.
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