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Abstract
[Purpose/Significance] Author co-citation analysis is an important method for
exploring the intellectual structure of a field. Under complex disciplinary de-
velopment contexts, its reliance on co-citation frequency for measuring author
relatedness is quite controversial. To address this, an improved method for
author co-citation analysis based on semantic and positional similarity is pro-
posed. [Method/Process] Based on the introduction of fundamental principles,
this study conducts an empirical validation of the effectiveness of the improved
method for author co-citation analysis based on semantic and positional similar-
ity, taking the library and information science field as an example. It performs
full-text citation mining on the CNKI journal database, extracts citation sen-
tences and citation positions, combines a pre-trained domain word embedding
model to calculate deep similarity between co-cited documents and the strength
of association between authors, and uses network analysis and factor analysis to
compare the effectiveness differences between this method and traditional meth-
ods. [Results/Conclusion] The results demonstrate that the improved method
for author co-citation analysis based on semantic and positional similarity can
more accurately identify the strength of association among co-cited authors, dis-
cover more detailed disciplinary intellectual structures, and possesses scalability
and applicability.
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Abstract: [Purpose/Significance] Author co-citation analysis (ACA) is a vi-
tal method for exploring domain knowledge structures. However, under com-
plex disciplinary development trends, its reliance on co-citation frequency for
measuring author relevance remains controversial. To address this, we pro-
pose an improved ACA method based on semantic and location similarity.
[Method/Process] Building upon fundamental principles, we demonstrate the
effectiveness of this improved method using the library and information science
(LIS) field as an example. We conducted full-text citation mining from the CNKI
journal database, extracted citation sentences and their locations, and combined
a pre-trained domain word embedding model to calculate deep similarity be-
tween co-cited documents and association strength between authors. Network
analysis and factor analysis were employed to compare the differences in effec-
tiveness between this method and traditional approaches. [Result/Conclusion]
Results prove that the improved ACA method based on semantic and location
similarity can more accurately identify the correlation strength among co-cited
authors, discover more detailed disciplinary knowledge structures, and possesses
scalability and applicability.
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1 Introduction
Author co-citation analysis (ACA), first proposed by H.D. White and B.C. Grif-
fith in 1981 [?], is one of the primary methods in bibliometric research. Its
fundamental assumption posits that when author A and author B are both
cited by article C, a co-citation relationship R exists between A and B, with
the relationship growing stronger as the number of co-citations increases. Un-
der this methodological assumption, all co-cited authors share certain thematic
connections and exhibit distinct thematic clustering distributions within a cer-
tain scope. Consequently, ACA is commonly used for identifying disciplinary
knowledge structures and discovering scientific communities [?].

In recent years, scientific research advancement and technological innovation
have accelerated interdisciplinary integration, with new research fields emerg-
ing in ways that are difficult to detect and scholars’ research topics becoming
increasingly diverse. These trends challenge traditional ACA methods, which
rely solely on limited bibliographic information and employ simple frequency

chinarxiv.org/items/chinaxiv-202304.00263 Machine Translation

https://chinarxiv.org/items/chinaxiv-202304.00263


statistics based on co-occurrence (binary presence/absence) as the basis for mea-
suring inter-author relationships. This approach is simplistic and controversial
[?], ignoring the real and deep connections between co-cited authors, making its
accuracy and scientific validity difficult to guarantee.

We propose a novel ACA method based on content semantics and location
proximity (semantic and proximity-based author co-citation analysis, SPACA),
which measures the relationship strength between authors through the similarity
of citation sentence content and the proximity of citation locations to overcome
the limitations of traditional methods. By collecting full-text documents from
the CNKI journal database in the LIS field, we conduct a comparative empirical
study between this method and traditional ACA to explore the characteristics
and applicability of this improved approach, thereby promoting the precision
innovation of ACA methodology.

2 Literature Review
Contemporary automated text processing technologies have matured, enabling
literature full-text to be obtained in semi-structured formats from databases
(e.g., PubMed, BioMed Central, CiteSeer, arXiv). These conditions have facili-
tated the emergence and growing importance of full-text-based citation content
analysis, which delves into citing documents to obtain microscopic citation data
such as citation intensity, location, function, and semantics, enabling quanti-
tative measurement of relationship strength and impact degree represented by
citations.

Citation content analysis research can be divided into two levels [?]: the seman-
tic level focusing on citation content itself, including citation topic analysis [?],
citation function analysis [?], and citation scope identification [?]; and the syn-
tactic level focusing on external features of citation content, including citation
location analysis [?] and citation intensity analysis [?].

Citation content analysis provides opportunities for improving traditional co-
citation theory by moving from bibliographic information to full-text analysis.
Some scholars have focused on using citation location proximity in full-text doc-
uments to replace traditional co-citation counting. For instance, A. Elkiss, A.
Callahan, S. Liu & C. Chen, B. Gipp & J. Beel, and J. An have demonstrated
in various ways that the actual similarity between co-cited documents correlates
with their proximity in text, proposing methods like Citation Proximity Index
(CPI) and section similarity to calculate author relationship strength [?]. M.
Eto [?] and Zhao Rongying [?] proved that considering co-citation location in
co-citation analysis can improve retrieval effectiveness and clustering results,
facilitating deeper research and evaluation. Other scholars have focused on ci-
tation sentences themselves, using algorithms like TF-IDF, LDA, and C-Value
to extract feature words or topics from citation sentences for content represen-
tation and similarity calculation [?].

As research progressed, scholars proposed comprehensive improved co-citation
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analysis methods. Liu Shengbo divided co-citation sentences into multiple lev-
els based on location proximity, calculated content similarity within each level
to explore the influence of location proximity on co-citation content relevance,
and thus more scientifically determined citation location weight values [?]. H.J.
Kim et al. used chapter locations to construct fine-grained author co-citation
matrices and calculated word frequency similarity of citation sentences, achiev-
ing favorable results in empirical studies on oncology in the PubMed database
[?]. However, due to difficulties in obtaining full-text data, domestic research on
improving co-citation analysis with content information still primarily utilizes
bibliographic information [?].

As Y. Ding [?] and Zhao Rongying [?] noted, current research still lacks deep uti-
lization of full-text. Empirical studies are particularly scarce domestically, with
most research focusing on single aspects. Citation topic analysis often remains at
the level of fixed term frequency, syntactic structure, and small-scale probabilis-
tic models, rarely delving into semantic depth, resulting in shallow connections
between co-cited documents based on superficial textual features. Moreover,
few studies approach from the author level. Compared with document-level
analysis, author co-citation analysis has greater practical value, but authors
are more “multifaceted” than documents, making relationship strength based
on citation counts prone to inaccurate inter-author connections and subopti-
mal clustering results. Therefore, improving author co-citation analysis by fully
utilizing full-text information holds practical significance.

3 SPACA Method
Our improved SPACA method fully utilizes both the semantic information of ci-
tation sentences and the chapter location information where co-cited documents
appear, calculates similarity based on these factors, and uses the maximum simi-
larity value from an author’s document set as the inter-author relevance strength
to replace the traditional method’s single reliance on co-citation frequency.

3.1 Full-Text Citation Mining and Extraction

SPACA implementation requires not only bibliographic information but also
citation sentence text and location information of cited documents within citing
documents, making text mining and extraction essential.

Using CNKI database’s HTML full-text pages as an example, pages were col-
lected locally via URLs. HTML pages contain full-text literature and numerous
complex data tags, but their semi-structured characteristics enable data ex-
traction and content analysis. A parser was developed to extract and store
required data for SPACA. Citation sentences were located through <a> tags
with class_="sup" or <citation> tags with type_="reference" (see Figure
1 [Figure 1: see original paper]). The extraction methods for citation location
and content are as follows:
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(a) Citation location extraction: In CNKI’s existing HTML full-text for-
mat, main headings are encapsulated in <h3> tags and subheadings in
<h4> tags. Based on citation tag locations, the parent <p> tag is retrieved
and traversed forward to discover these heading tags until a <h3> tag is
obtained (the <h4> tag is optional and replaced by <h3> when absent).
After obtaining main and subheadings, proximity between two citation
sentences can be determined when generating co-citation pairs to assist
relevance strength measurement.

(b) Citation sentence text extraction: The basic method involves travers-
ing forward and backward from the tag location, using regular expressions
for judgment until adjacent tag content forms complete text within para-
graph scope. The text is then split by periods, with the tail portion taken
as the first half of the citation sentence; the second half is extracted simi-
larly using adjacent tag text until a “。” is encountered, forming complete
content text. Additionally, specific citation sentence identification rules
were developed for various citation tag formats, positions, and multiple
citations within small ranges.

Beyond this data, basic information of cited documents (author, title, etc.) was
extracted from reference lists, with non-journal entries filtered out. The data
structure for each reference is shown in Figure 2 [Figure 2: see original paper].

3.2 Domain Corpus-Based Word Embedding Model Training

This study involves content similarity calculation between citation sentences, re-
quiring appropriate semantic representation. Considering the need for semantic
connotation, conceptual representation, and efficiency/scalability in the learn-
ing process, we selected the Word2Vec word embedding model for pre-training
based on domain corpora. Word2Vec is a shallow neural network language
model that learns semantic knowledge from large text corpora in an unsuper-
vised manner, proposed by T. Mikolov et al. and widely applied in natural
language processing [?]. It includes CBOW and Skip-gram modes (see Figure 3
[Figure 3: see original paper]), modeling the relationship between a word and its
context within a window, mapping to low-dimensional vector space to establish
dense vector connections between each word and related words, enabling effi-
cient, high-quality word vector training and optimization [?]. Compared with
traditional vector space models based on word frequency, Word2Vec’s key char-
acteristic is learning contextual relationships between words, ensuring reliability
in similarity measurement by maintaining thematic and semantic associations
beyond mere word forms [?].

Word2Vec model quality depends on sufficient corpus training. These large-
scale domain corpora can be derived from full-text documents in the target
field, which after customized segmentation and preprocessing based on domain
literature keywords, are used for model training to learn weight vectors of do-
main vocabulary at semantic and contextual levels. Since Skip-gram is overly
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sensitive to low-frequency words, training employs the CBOW mode where con-
text words jointly predict the center word and adjust weights collectively. The
trained model effect is shown in Figure 4 [Figure 4: see original paper]: when
inputting the term “学科化服务” (subject-based services), the model returns se-
mantically/contextually related terms like “学科服务” (subject services), “嵌入式
学科服务” (embedded subject services), “学科馆员” (subject librarians), “知识服务”
(knowledge services), and “学科知识” (subject knowledge). This means even when
writers use different forms of words with the same connotation in two sentences,
the model can accurately determine sentence similarity.

3.3 Author Co-Citation Relationship Strength Algorithm

The SPACA author relevance strength algorithm comprehensively considers
both the content similarity 𝐶𝑜𝑛𝑡𝑒𝑛𝑡_𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑎𝑀 , 𝑏𝑁) and citation location
similarity weight 𝑃 _𝑊𝑒𝑖𝑔ℎ𝑡(𝑎𝑀 , 𝑏𝑁) for each co-cited document pair 𝑎𝑀 (M
= 1, 2, …, n) and 𝑏𝑁 (N = 1, 2, …, n) between co-cited authors A and B (see
Equation 1), and takes the maximum similarity generated from the co-cited
document set between A and B as their relevance strength (see Equation 2) to
represent the maximum possible correlation between authors.

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑎𝑀 , 𝑏𝑁) = 𝑃 _𝑊𝑒𝑖𝑔ℎ𝑡(𝑎𝑀 , 𝑏𝑁) ⋅ 𝐶𝑜𝑛𝑡𝑒𝑛𝑡_𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑎𝑀 , 𝑏𝑁) (1)

𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒(𝐴, 𝐵) = max{𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑎𝑀 , 𝑏𝑁)} (2)

(1) Content similarity calculation: We utilize pre-trained word embedding
vectors and cosine similarity algorithms. The basic principle involves summing
the i-dimensional weight vectors of words contained in citation sentences x and y
where 𝑎𝑀 and 𝑏𝑁 appear, forming sentence vectors 𝑊𝑥 and 𝑊𝑦 (see Equation 3),
then calculating the cosine value to quantify content similarity (see Equation 4).
Additionally, when content similarity is too low (< 0.2), the value is discarded
(set to 0) to eliminate interference from unrelated citation sentence pairs.

𝑊𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒 =
𝑛

∑
𝑖=1

𝑤𝑜𝑟𝑑𝑖 (𝑤ℎ𝑒𝑟𝑒 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒 = {𝑤𝑜𝑟𝑑1, ..., 𝑤𝑜𝑟𝑑𝑛}) (3)

𝐶𝑜𝑛𝑡𝑒𝑛𝑡_𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑎𝑀 , 𝑏𝑁) = cos(𝑊𝑥, 𝑊𝑦) = 𝑊𝑥 ⋅ 𝑊𝑦

√𝑊 2𝑥 √𝑊 2𝑦
(4)

(2) Citation location similarity weight calculation: The algorithm em-
ploys: weight coefficient p when citations occur in the same chapter, multiplied
by coefficient q if they further occur in the same subsection (Equation 5), with
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weight = 1 if both are different. Location weights then weight the content
similarity.

𝑃 _𝑊𝑒𝑖𝑔ℎ𝑡(𝑎𝑀 , 𝑏𝑁) = 𝑝𝑜𝑠(𝑥, 𝑦) =
⎧{
⎨{⎩

1, (𝑃𝑐ℎ𝑎𝑝.(𝑥) ≠ 𝑃𝑐ℎ𝑎𝑝.(𝑦)&𝑃𝑠𝑒𝑐.(𝑥) ≠ 𝑃𝑠𝑒𝑐.(𝑦))
𝑝, (𝑃𝑐ℎ𝑎𝑝.(𝑥) = 𝑃𝑐ℎ𝑎𝑝.(𝑦)&𝑃𝑠𝑒𝑐.(𝑥) ≠ 𝑃𝑠𝑒𝑐.(𝑦))
𝑝 ⋅ 𝑞, (𝑃𝑐ℎ𝑎𝑝.(𝑥) = 𝑃𝑐ℎ𝑎𝑝.(𝑦)&𝑃𝑠𝑒𝑐.(𝑥) = 𝑃𝑠𝑒𝑐.(𝑦))

(5)

To optimize parameters p and q, we explored the correlation between citation
location and content similarity: 177,617 co-citation pairs from experimental
full-text data were divided by proximity into article-level, chapter-level, and
subsection-level types (TYPE), with content similarity calculated for each pair
using the word embedding model to obtain similarity values (SIM). Since SIM
values are not normally distributed but exhibit homogeneity of variance, Welch-
ANOVA and non-parametric Kruskal-Wallis ANOVA with multiple comparisons
were applied. Results showed significance far below 0.05 for distribution dif-
ferences among groups (see Figure 5 [Figure 5: see original paper]), with non-
parametric test P < 0.05 (see Figure 6 [Figure 6: see original paper]), indicating
SIM value distribution differences across location levels.

Table 1 shows that as proximity increased from article-level to chapter-level and
subsection-level, the proportion of low-similarity pairs (< 0.5) decreased from
48.80% to 42.64% and 31.82%, while average similarity cumulatively increased
by 8.48% and 21.55%. Each proximity level upgrade increased average similarity
by approximately 1.1 times. We conclude that similarity differs across three
location levels, with co-citation pairs in smaller logical structures having less
unrelated content and higher similarity. Referencing the similarity increase ratio
from location proximity, parameters p and q can be approximately set to 1.1.

3.4 SPACA Method Characteristics

Compared with related research, our SPACA method has two main character-
istics: First, it uses a domain corpus-based Word2Vec shallow neural network
model to establish semantic and contextual associations between domain words
for calculating citation sentence similarity, rather than relying on author co-
occurrence, fixed terms, or small-scale topic probabilities, ensuring reliability
of inter-author connection strength and adaptability in complex domains. Sec-
ond, it comprehensively utilizes both citation location and thematic full-text
information in a weighted fusion to comprehensively characterize inter-author
relationship strength, ensuring more diverse considerations and stability in prac-
tical application.

4 Empirical Study
To demonstrate SPACA’s effectiveness and explore its applicability in complex
disciplines, we designed comparative experiments to examine differences be-
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tween SPACA and traditional methods, focusing on: (1) accuracy in revealing
inter-author connections; (2) identification of domain structures within disci-
plines.

4.1 Experimental Design

The experimental field was set as domestic LIS for two reasons: First, as a
highly interdisciplinary field with complex scholar distribution, LIS presents
greater difficulty that more easily reveals methodological differences. Second,
unlike basic sciences, LIS terminology lacks controlled vocabularies like MeSH,
exhibiting multifaceted and variable characteristics, making it ideal for proving
the method’s applicability and scalability.

The experimental framework (see Figure 7 [Figure 7: see original paper]) in-
volves: (1) collecting online full-text page URLs using a crawler and download-
ing HTML pages to a local database; (2) extracting full-text information, cited
document details, citation sentences, and location data; (3) constructing au-
thor co-citation matrices for both ACA and SPACA using different relevance
strength calculations; (4) visually presenting matrix data through network and
factor analysis; (5) comparing and discussing results.

4.2 Experimental Methods and Process

4.2.1 Data Source: CNKI Chinese journal database, focusing on LIS research
from 2009-2019. The scope was limited to “Library and Information Science”
under information technology, with journals restricted to core catalogs (SCI,
EI, core, CSSCI, CSCD). Only top 500 most-cited documents annually were
selected (142 documents for 2019 with $�$2 citations) due to higher quality and
stronger author value representation.

4.2.2 Data Extraction and Matrix Construction: HTML pages were
parsed to extract bibliographic information, citation sentences, and location
data (see Section 3.1), yielding 23,572 cited document entries (see Figure 9 [Fig-
ure 9: see original paper]). For ACA, only basic bibliographic information was
provided, while SPACA utilized all information plus Word2Vec model support
trained on all corpus text (see Section 3.2). After author name disambiguation,
author co-citation matrices were constructed for both methods: ACA used total
co-occurrence counts as relevance strength, while SPACA used maximum simi-
larity based on semantic and location proximity. This resulted in 10,684 author
nodes, 132,267 ACA pairs, and 118,388 SPACA pairs.

4.2.3 Network Analysis: Visual network analysis helps understand author
distribution and disciplinary knowledge structure. Using Gephi with authors
as nodes and relevance strength as edge weights, we applied the Louvain com-
munity detection algorithm [?] for its efficiency and accuracy in large networks.
After filtering (excluding modules with $�$1% of nodes or <2 core nodes with
>15 citations, and pruning edges with <10 common neighbors using K-brace
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algorithm [?]), the ACA network contained 1,529 nodes and 3,156 edges (modu-
larity 0.697), while SPACA contained 1,502 nodes and 2,685 edges (modularity
0.793). SPACA showed more concentrated clustering and better cluster distin-
guishability (see Figures 11 [Figure 11: see original paper] and 12 [Figure 12:
see original paper]).

4.2.4 Factor Analysis: To verify network analysis results, factor analysis was
conducted on 127 authors with >15 citations. Both co-citation matrices were
transformed into dissimilarity matrices using standardized Euclidean distance.
After examining eigenvalues and scree plots, factors with eigenvalues $�$1 were
extracted, with direct oblimin rotation applied due to low inter-factor correla-
tions. ACA extracted 9 factors explaining 87.992% variance, while SPACA
extracted 13 factors explaining 90.767% variance (see Table 5 ), indicating
SPACA’s more reasonable distribution.

4.3 Experimental Results

4.3.1 Network Analysis Results: Feature words were extracted from each
module using TF-IDF and TextRank algorithms applied to titles and citation
sentences of intra-module edges. Modules with similar authors and feature
words were assigned identical IDs (see Tables 2 , 3 , and 4 ).

Key findings: 1. Some keywords grouped in single ACA modules were divided
into multiple SPACA modules. For example, ACA’s Module F “Mobile Li-
brary and Mobile Services” (383 nodes) was split into SPACA’s F-1 “Mobile
Library Services and Technology” (205 nodes) and F-2 “New Media Behavior
and Services Research” (162 nodes), with corresponding author migrations (e.g.,
Kong Yun, Wang Baocheng) confirming this finer division. 2. Some misiden-
tified nodes in ACA were corrected in SPACA. For instance, authors Ke Ping
and Wu Jianzhong, originally in ACA’s Module E “Research Library Data and
Knowledge Services,” were reassigned to Module A “Library Management” in
SPACA, which better reflects their actual research focus on library management,
evaluation, and transformation. 3. SPACA’s finer granularity reveals emerging
subfields with topological connections (see Figure 14 [Figure 14: see original
paper]).

4.3.2 Factor Analysis Results: Factor analysis corroborated network anal-
ysis findings. Both methods identified major domains A-F, with SPACA pro-
viding finer subfield identification: - ACA’s F4/F5 (library management) were
subdivided into SPACA’s F7 (reading promotion) - ACA’s F1/F3 (smart li-
braries) were split into SPACA’s F4 (smart library theory) and F7 (new tech-
nology application) - SPACA additionally identified think tank research (F8) as
an emerging subfield within intelligence studies - Mobile library and new media
services (ACA’s F2) were separated into SPACA’s F3 (mobile services) and F9
(new media behavior)
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4.4 Discussion

Conclusions: 1. SPACA enables more accurate author relationship represen-
tation by incorporating semantic and location information, overcoming ACA’s
limitations of single metrics and spurious connections from popular topics. 2.
SPACA achieves finer subfield identification, revealing emerging or interdisci-
plinary small domains that traditional methods miss, by establishing strong
connections based on deep semantic and contextual relevance while eliminating
weak, unrelated connections. 3. SPACA demonstrates applicability and effec-
tiveness for large interdisciplinary fields, with Word2Vec proving effective for
social science and interdisciplinary text similarity discrimination.

Limitations: 1. 9% of documents lacked HTML format, potentially omitting
important literature. 2. Some citation sentence extraction anomalies occurred
due to non-standard formats and informal citation practices. 3. Training corpus
volume was insufficient, with some over-segmented terms creating noise. 4.
Multi-disciplinary authors pose challenges for current text mining methods.

5 Conclusion
This study proposes the improved SPACA method that calculates co-cited au-
thor association strength using Word2Vec and location weighting. Experiments
demonstrate SPACA’s superior accuracy in identifying author connections and
discovering detailed, three-dimensional subfield distributions, providing a refer-
ence path for utilizing domestic citation full-text for bibliometric research.

Future research should: (1) conduct deeper mining of citation semantics and
location using ontologies and concept graphs; (2) incorporate more meaningful
indicators (intensity, motivation, sentiment) and optimize parameters and clus-
tering methods; (3) explore applications of citation content analysis in other
informetric methods.
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