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Abstract

[Purpose/Significance] To address the challenge of automatically identifying ci-
tation sentiment in academic papers, this study proposes a novel identification
methodology based on citation content analysis accompanied by visual presenta-
tion, thereby overcoming the limitation that simple citation frequency metrics
fail to distinguish among different citation sentiments. [Method/Process] Ini-
tially, regular expressions are employed to extract citation content information
from full-text papers; subsequently, the TF-IDF algorithm is utilized to iden-
tify citation sentiment feature words, which are combined with a sentiment
lexicon to perform citation sentiment identification on citation content using
sentiment analysis techniques; finally, visualization tools are applied to demon-
strate the overall distribution of citation sentiment. [Results/Conclusion] The
proposed method effectively identifies citation sentiment within the anti-aging
research paper dataset. Experimental results reveal that in this field, positive
citations constitute 21% of total citations, neutral citations account for 78%,
and negative citations represent merely 1%. Compared with traditional cita-
tion networks, visualization graphs based on citation sentiment can effectively
discern the distribution patterns of different citation sentiments across the entire
dataset.
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Abstract

[Purpose/Significance] This paper proposes a citation sentiment identifica-
tion method based on citation content analysis and visualizes the results to
overcome the limitation of simple citation frequency metrics that cannot dis-
tinguish different citation sentiments. [Method/Process] First, regular ex-
pressions are used to extract citation content information from full-text papers.
Then, the TF-IDF algorithm is employed to select sentiment feature words,
which are combined with a sentiment dictionary to identify citation sentiments
using sentiment analysis techniques. Finally, visualization tools are used to
display the overall distribution of citation sentiments. [Result/Conclusion]
The method effectively identifies citation sentiments in the anti-aging research
domain. Experimental results show that positive citations account for 21% of
total citations, neutral citations account for 78%, and negative citations account
for only 1%. Compared with traditional citation networks, the sentiment-based
visualization map can effectively identify the distribution of different citation
sentiments across the entire dataset.

Keywords: citation content analysis; citation sentiment; sentiment analysis;
visualization

2 Related Research

Citation content analysis research emerged as early as the 1970s. M. J. Moravc-
sik et al. conducted detailed analyses of citation sentiment tendencies, functions,
and importance by interpreting citation content and context, demonstrating the
necessity of citation content analysis [4]. Subsequently, H. Small used manual
reading and summarization methods to analyze citation content of highly cited
papers in chemistry, considering citation content as conceptual symbols repre-
senting viewpoints in citing literature. As citation content analysis research
progressed, scholars attempted to improve citation analysis methods based on
citation counts by incorporating citation content analysis [5]. In 1980, H. Small
et al. proposed a co-citation clustering analysis method combined with citation
content analysis, which first analyzed the evolution of a discipline based on co-
citation clustering, then used subject terms and phrases extracted from citation
content to characterize specific citation content, thereby analyzing the topics
of co-citation clusters and revealing deep associations among co-cited literature.
This approach enhanced the cognitive value of co-citation links. Through empir-
ical research in the recombinant DNA field, they demonstrated that this method
was significant for exploring the development and evolution of disciplinary fields
[6]. However, due to limitations in full-text database quality and computer
technology at the time, researchers primarily relied on manual reading and sum-
marization for citation content analysis, which was difficult to apply to large
samples and suffered from strong subjectivity, limiting the further development
of citation content analysis.

With the development of natural language processing technology and full-text
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databases, citation content analysis has gained new momentum and injected
vitality into traditional citation analysis. In 2012, Y. Ding proposed a cita-
tion content analysis (CCA) research framework, arguing that citation content
analysis represents the next generation of citation analysis and can expand and
deepen citation analysis research and applications [7]. Zhu Qingsong and Leng
Fuhai conducted citation content mining and analysis on highly cited papers
in the carbon nanotube field, using the C-value algorithm to identify research
topics in citation content. Their study showed that compared with topic identi-
fication based on titles and abstracts, citation content analysis produced results
more aligned with paper content and better revealed semantic associations be-
tween cited and citing literature, suggesting that citation content analysis is an
important supplement to traditional citation count-based analysis [8]. Lu Wei
et al. argued that to better support semantic relationship mining in literature,
natural language processing and machine learning techniques should be intro-
duced into citation content analysis, and proposed a citation content annotation
framework [9]. Zhao Rongying et al. considered citation content analysis a new
development in citation analysis that can more accurately measure and evaluate
the influence of cited authors and journals, and provide insights into authors’
citation motivations, greatly benefiting scientometrics and the science of science
[10]. Building on this, Zhao Rongying et al. in 2016 proposed a location-based
co-citation analysis framework combined with citation content analysis, demon-
strating that this approach was significantly superior to traditional co-citation
analysis methods [11].

In terms of citation sentiment type research, as early as 1962, E. Garfield identi-
fied the limitations of citation frequency analysis, noted the diversity of citation
sentiments, and summarized 15 types of citation sentiments including paying
tribute to pioneers and peers [12]. Subsequently, V. Cano and other experts also
pointed out that due to the complexity of citation behavior, citation sentiments
are not always positive (negative citations, false citations, etc. exist), and simple
citation counts are insufficient to measure academic influence [13-17]. Therefore,
accurately and efficiently identifying citation sentiment tendencies and distin-
guishing positive from negative citations can effectively improve the quality of
evaluation based on simple citation frequency.

Regarding citation sentiment identification methods, M. J. Moravcsik et al. stud-
ied citation sentiment through manual reading of full citation texts, dividing
citation sentiment into five dimensions including positive and negative citations
[4]. In the same year, based on Moravcsik’s research, D. E. Chubin et al. studied
the auxiliary and alternative roles of citation content analysis for bibliographic
analysis, using classification trees for citation sentiment analysis with the first
level divided into positive and negative citation subtrees [18]. Overall, due
to limitations in information technology, citation sentiment identification pri-
marily relied on questionnaire surveys and manual reading, suffering from low
efficiency and strong subjectivity.

In recent years, citation sentiment identification research based on natural lan-
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guage processing technology has made progress. S. Teufel et al. proposed a
supervised machine learning framework for automatic citation sentiment classi-
fication, using sentiment analysis techniques to classify citation functions (sen-
timents) into four categories: weakness, strength, contrast, and neutral, demon-
strating that sentiment analysis technology can accurately and effectively iden-
tify citation sentiment [19]. Liu Shengbin et al. proposed a citation sentiment
identification method based on data mining technology, using the PubMed
full-text database as a data source, employing citation content semantic struc-
ture and feature words to identify citation sentiment (positive, negative, and
neutral), and built a citation evaluation platform based on citation content
[20]. Compared with survey and manual reading methods, natural language
processing-based citation sentiment identification improves analysis efficiency
and objectivity, though the analysis of results remains relatively superficial,
requiring further research on how to effectively utilize citation sentiment iden-
tification results.

In summary, traditional citation sentiment identification methods primarily
rely on questionnaire surveys and manual reading, suffering from low efficiency
and strong subjectivity. Statistical natural language processing-based methods
struggle to effectively analyze citation sentiment identification results, reducing
accuracy and effectiveness to some extent. Particularly in feature lexicon con-
struction, previous research mainly used existing sentiment dictionaries for po-
larity discrimination, but scientific paper citation sentiment differs significantly
from general sentiment dictionaries. Therefore, to improve current citation sen-
timent identification research, this paper proposes a citation sentiment identifi-
cation method based on citation content analysis. By using tf-idf combined with
part-of-speech tagging to construct a scientific literature citation sentiment lex-
icon, we propose a citation sentiment discrimination model to achieve citation
sentiment polarity identification. Accurate identification of citation sentiment
in papers can provide data support for distinguishing different citation behaviors
in citation frequency-based bibliometrics.

3 Methodology Framework

To accurately and effectively identify citation sentiment, drawing on existing
citation motivation identification theories and methods and combining data
mining, sentiment analysis, and visualization techniques, we propose a citation
sentiment identification method based on citation content analysis (see Figure
1 [Figure 1: see original paper]). This method uses full-text citation data as
the research object. First, regular expression technology extracts citation infor-
mation from full-text papers. Then, feature dictionaries and sentiment analysis
techniques identify citation sentiment. Finally, visualization analysis methods
analyze and display citation sentiment identification results.

Step 1: Dataset Construction. Retrieve relevant domain research papers
from full-text databases, use Python crawler programs to obtain XML-format
full-text data, and save it to a local computer.
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Step 2: Citation Content Extraction. Write full-text information extrac-
tion programs on the Python platform to extract metadata and citation content
information for both citing and cited literature, and write it to CSV files for
subsequent analysis.

Step 3: Citation Sentiment Identification. Use the tf-idf method to select
feature words from citation content, combine them with a sentiment dictionary,
and use sentiment analysis technology to analyze and identify citation sentiment
in citation content.

Step 4: Citation Sentiment Visualization Analysis. Based on citation
sentiment identification results, construct a complex network dataset containing
citation sentiment to reveal the distribution of citation sentiment.

3.1 Citation Content Extraction

Paper data format significantly affects citation content extraction effectiveness.
PDF-format full-text data is difficult to parse and has poor readability, resulting
in low extraction accuracy and difficulty processing large samples. Compared
with unstructured full-text data such as PDF, XML full-text data provides
detailed annotations for papers (preprocessing full-text data, labeling figures,
tables, citation content, citation positions, etc.), facilitating computer-based
extraction and analysis of large-sample citation content information.

Using the XML full-text of “Neuroprotective and Anti-Aging Potentials of Es-
sential Oils from Aromatic and Medicinal Plants” from the PubMed database
as an example, its structure was analyzed (see Figure 2 [Figure 2: see original
paper]). The XML full-text data includes title, journal, author, abstract, fig-
ures, tables, citation content, citation positions, and other information. Python
programs can extract citing literature metadata (..., 28611658), cited literature
tags and citation content (ref-content, Author, pub-date), and cited literature
tags and bibliographic information (.., ..).

Extracting ref-content (Author, pub-date) tags from full-text is the key and
challenging aspect. Considering authors’ non-standard and inconsistent use of
reference numbers during paper writing, the following two situations must be
considered when constructing citation content extraction rules:

(1) Citing only one reference: “The EOs are abundant in flowers, leaves,
barks and are usually isolated via hydro-distillation, cold pressing methods
(Edris, 2007).” When a sentence contains only one ref-content tag (one
reference), the entire sentence containing the ref-content tag is extracted
as citation content.

(2) Citing two or more references: “The use of EOs as therapeutic remedy
is very ancient and in the bible (Dumas and Newhouse, 2011), EOs were
considered as spiritual, mental and physical healing agents (Guenther,
1950). Thus, a boost in the cholinergic tone may potentially regress the
cognitive function.” When a sentence contains two or more ref-content tags
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(two or more references), the citation sentence is divided using adjacent
pub-date tags as markers, with the smallest unit being a clause.

3.2 Citation Sentiment Identification

3.2.1 Citation Sentiment Category Division For over half a century,
numerous experts including E. Garfield, H. Small, and W. Shadish [21] have
conducted in-depth research on citation sentiment category division. From a
methodological perspective, approaches have gradually shifted from question-
naire surveys and manual reading to natural language processing, sentiment
analysis, and visualization methods. From a category division perspective, cita-
tion sentiment categories have become increasingly concise and generalized to
facilitate large-sample data analysis. This simplification has two main reasons:
first, the transformation of citation sentiment identification methods makes it
difficult to accurately identify overly complex citation sentiments; second, the
explosive growth of citation analysis data volume means overly detailed category
division reduces analysis efficiency and accuracy.

Therefore, drawing on the citation sentiment categories of S. Teufel, Liu Sheng-
bin, and other scholars [19-20], this paper divides citation sentiment into three
categories: positive citation, negative citation, and neutral citation.

3.2.2 Citation Sentiment Identification Based on Feature Words and
Sentiment Dictionary Due to the normative and scientific nature of jour-
nal papers, strongly emotional statements rarely appear in full texts. Com-
pared with microblog and forum data, journal papers lack sentiment vocabu-
lary, making it difficult to judge citation sentiment through simple sentiment
words. Therefore, using sentiment analysis technology alone for citation senti-
ment identification has limitations [22-24]. This paper uses tf-idf with part-of-
speech tagging to filter polar feature words and combines them with a general
sentiment dictionary for citation sentiment identification.

Citation content primarily consists of content words and feature words. Con-
tent words are the main carriers of information in citations, mainly manifested
as nouns. Feature words express sentiment and state in citations, mainly man-
ifested as adjectives, verbs, and conjunctions. By analyzing feature words, we
can effectively understand sentence sentiment. Therefore, we first use Stanford
POSTagger [25] for part-of-speech tagging, annotating feature words from four
categories: adjectives (JJ), verbs (VB), adverbs (RB), and conjunctions (CC).
For example, the sentence “The objective of anti-aging medicine is to live as long
as possible in good health.” is tagged as: The {DT} objective_ {NN} of {IN}
anti-aging {NN} medicine. {NN} is_ {VBZ} to_{TO} live_ {VB} as_{RB}
long {RB} as {IN} possible {JJ} in {IN} good {JJ} health {NN}.

Then, based on the TF-IDF algorithm, adjectives (JJ), verbs (VB), adverbs
(RB), and conjunctions (CC) are selected as feature words. The TF-IDF algo-
rithm formula is:
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ni |D|
TF-IDF. . —=TF xIDF. . (TF — —" _  [IDF —log—121
2] ,] X 2,7 ( 2,] E knk,j’ 2,] 0g 1 + |Dt1|)

where n; ; refers to the frequency of term ¢; in document d;, and ), n, ; refers
to the total number of terms in document d; |D| refers to the total number of
documents, and |D, | refers to the number of documents containing term ¢; (the
1+ in the denominator prevents division by zero).

After selecting feature words using the TF-IDF algorithm, we combine them
with HowNet to construct a sentiment dictionary and assign sentiment values
(see Table 1 ). If a term is not in the HowNet sentiment dictionary, we man-
ually annotate and organize it to form the final citation sentiment dictionary.
Using formula (2), we judge citation sentiment in citation content to improve
identification accuracy.

Table 1: Citation Sentiment and Sentiment Dictionary

Sentiment Type Example Words Sentiment Intensity

Positive accurate|better|completicerndhced|agreement|proud...
Negative burden|contrast|degradé¢faxk|ppor|worse|however|regret...
Neutral apply|describe|discuss|pgiblish|use...

The sentiment intensity F is calculated using formula (2):

> B(S)
E(S;) = %
where FE represents the sentiment intensity value of the citation sentence (sum
of sentiment values of all sentiment words in the sentence), and E(S;) represents
the sentiment intensity value of word .S; in the citation sentence.

For example, to calculate the sentiment intensity of the citation sentence “How-
ever, this algorithm is very slow and has been outperformed by more recent
methods,” based on the constructed sentiment dictionary, we can identify the
sentiment words “However,” “slow,” and “outperformed.” Using formula (2),
the sentiment intensity value is £ = [(—1) + (—1) + (—1)]/3 = —1, indicating a
negative citation.

3.2.3 Citation Sentiment Visualization Since identified citation sentiment
results cannot holistically indicate the distribution of different sentiment liter-
ature in the dataset, we need to add sentiment markers to traditional citation
network visualization analysis methods and use social network visualization soft-
ware such as Gephi [26] for citation sentiment visualization analysis.

The specific steps for constructing citation sentiment visualization maps are:
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(1) Data Conversion. Convert the citing literature ID, cited literature ID,
and citation sentiment from the citation sentiment identification result
table into edge table data format recognizable by Gephi, using Source,
Target, and Weight labels respectively. Positive, negative, and neutral
citations are marked as 1, -1, and 0, then saved as .csv files for subsequent
processing.

(2) Initial Citation Network Visualization Map Construction. Import
the edge table data generated in the previous step into Gephi to calculate
and parse edge and node data, generating an initial citation network map.
Then customize the map layout (node and edge sizes and colors, etc.).

(3) Citation Sentiment-Labeled Network Visualization Map Con-
struction. Based on the initial citation network visualization map and
citation sentiment data, further adjust the layout to construct a citation
network visualization map with sentiment labels. Specifically, edges with
Weight=1, -1, and 0 are represented by red, green, and yellow directed
lines indicating positive, negative, and neutral citations respectively.

4 Experiments and Analysis
4.1 Experimental Environment and Dataset Construction

(1) Hardware: Windows 10 system, i5-2450 CPU, 8GB RAM, 500GB Hard

Drive.
(2) Software: Python, KNIME, Stanford POSTagger, Gephi.

(3) Dataset Construction. Using XML-format full-text papers in the
anti-aging domain from the PubMed biomedical database as the research
object. The search query (TITLE:“anti-aging” OR ABSTRACT:“anti-
aging” OR KW:“anti-aging”) was used to retrieve 1,135 relevant papers
from PubMed up to December 31, 2016. A Python crawler program
was written using PubMed’s OpenURL interface to crawl and save XML
full-text data to a local computer.

Based on the analysis in Section 3.1, we extracted the relationships between
citing and cited literature and the corresponding citation content in full texts,
obtaining 45,527 citation sentences. We manually annotated the sentiment po-
larity of 2,000 sentences (see Figure 3 [Figure 3: see original paper]), where
article {id1} represents the citing literature, article {id2} represents the cited
literature, ref {content} represents citation content, section represents citation
location, and pub_ {date} represents the publication date of cited literature.

4.2 Citation Sentiment Identification

4.2.1 Feature Word Selection Based on TF-IDF After completing ci-
tation content extraction, Stanford POSTagger was used to annotate part-of-
speech in citation content. Then TF-IDF was used to select high-weight feature
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words (adjectives JJ, verbs VB, adverbs RB, and conjunctions CC) (partial re-
sults in Figure 4 [Figure 4: see original paper]). For 45,629 citation sentences,
1,197,191 words were tagged for part-of-speech. Data mining software KNIME
was used to calculate TF, IDF, and TF-IDF values, generating feature word
lists based on TF-IDF values for adjectives (JJ), verbs (VB), adverbs (RB), and
conjunctions (CC) (see Table 2 ).

4.2.2 Citation Sentiment Identification Based on Sentiment Dictio-
nary Combining sentiment vocabulary from the basic HowNet dictionary with
selected feature words, we constructed an anti-aging domain sentiment dictio-
nary. The specific steps were: first, manually annotate the top 300 feature
words by TF-IDF value for adjectives (JJ), verbs (VB), adverbs (RB), and con-
junctions (CC), dividing them into positive, negative, and neutral categories;
second, combine them with sentiment vocabulary from HowNet, deduplicate and
merge the two word lists; finally, obtain the anti-aging domain sentiment dic-
tionary needed for this experiment, containing 4,570 positive sentiment words,
4,363 negative sentiment words, and 235 neutral sentiment words (see Figure 5
[Figure 5: see original paper]).

Based on the proposed citation sentiment calculation model, sentiment polar-
ity discrimination experiments were conducted on the KNIME data mining
platform using manually annotated citation polarity datasets. Two experi-
mental groups were designed: Group 1 used sentiment vocabulary from the
basic HowNet dictionary as feature words, while Group 2 used the sentiment
dictionary constructed in this paper. Both groups applied the sentiment dis-
crimination method proposed in Section 3.2.2 to 45,527 citation sentences from
PubMed’s anti-aging domain (see Figure 6 [Figure 6: see original paper] for the
experimental workflow).

For result evaluation, precision, recall, and F1-score metrics were used. Experi-
mental results are shown in Table 3 :

Table 3: Experimental Results Analysis

Sentiment Type Precision Recall — F1-Score

Exp 1 Exp 2 Exp 1

Positive 77.31% 78.62%  79.32%
Negative 81.20% 83.00%  83.20%
Neutral 76.16% 76.31%  75.36%

Table 3 shows that Group 2 achieved performance improvements in precision,
recall, and F1-score across all categories, with more significant improvements in
negative citation discrimination. This demonstrates that the citation sentiment
dictionary constructed in this paper effectively improves identification perfor-
mance. The Group 2 results show positive citations account for 20.74% of total

chinarxiv.org/items/chinaxiv-202308.00605 Machine Translation


https://chinarxiv.org/items/chinaxiv-202308.00605

ChinaRxiv [$X]

citations, neutral citations account for 77.82%, and negative citations account
for only 1.43% (see Table 4 ):

Table 4: Citation Sentiment Percentage Statistics

Sentiment Type Percentage

Positive 20.74%
Negative 1.43%
Neutral 77.82%

Figure 7 [Figure 7: see original paper| shows detailed experimental results in
the KNIME platform, where positive citations (POS), negative citations (NEG),
and neutral citations (NEU) are displayed in red, green, and yellow respectively.

4.3 Citation Sentiment Visualization The proposed citation sentiment
visualization analysis adds sentiment markers to traditional citation network
visualization methods to construct citation network maps that identify citation
sentiment, thereby effectively discovering the distribution of different citation
sentiments across the entire dataset.

The specific steps for constructing citation sentiment visualization maps are:

(1) Remove nodes with zero citations (remaining: 1,127 nodes, 1,191 edges) to
obtain the initial anti-aging citation network (see Figure 8 [Figure 8: see
original paper]). In Figure 8, blue nodes represent papers, node size is pro-
portional to citation count, and node labels are paper PMIDs (PubMed’s
unique ID for each paper). For visualization optimization, only the top 20
most-cited paper IDs are displayed. Yellow directed lines indicate citation
direction (A—B means B cites A).

(2) Based on citation sentiment identification results, add sentiment markers
to the initial citation network to obtain the anti-aging citation network
with sentiment labels (see Figure 9 [Figure 9: see original paper]). Red
directed lines indicate positive citations, green indicate negative citations,
and yellow indicate neutral citations.

Compared with traditional citation networks, Figure 9 can effectively identify
the distribution of different citation sentiments across the entire dataset. It en-
ables further analysis of positive and negative citation chains, providing support
for citation content analysis-based bibliometrics. For example, node 10380075
has a negative citation (103800753—$22500228, highlighted by purple box in
Figure 8). To verify the accuracy of this sentiment identification result and the
effectiveness of the visualization map, we retrieved papers with PMID=22500228
and PMID=10380075 from PubMed: “Insulin in central nervous system: more
than just a peripheral hormone” and “Phosphatidylinositol 3-kinase-mediated
regulation of neuronal apoptosis and necrosis by insulin and IGF-1.” The citation
content was located: “In contrast, Ryu et al. [160] failed to show protection by
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IGF-1 against excitotoxic or oxidative stress-induced necrosis, despite a decre-
ment in neuronal apoptosis.”

Manual reading of this citation content (“In contrast, despite reduced neuronal
apoptosis, Ryu et al. failed to demonstrate that IGF-1 can protect against exci-
totoxicity or oxidative stress-induced necrosis”) reveals it is a negative citation,
using Ryu et al’s research to contrast and highlight the value and innovation
of the authors’ discovery about insulin and IGF-I’s role in weakening retinal
and brain neuronal apoptosis under conditions such as oxidative stress. There-
fore, this citation sentiment identification result is accurate, and the citation
sentiment visualization analysis is feasible and effective.
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