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Abstract

[B8/&EX] In scientific research, identifying and mining research hotspots from
scientific and technical literature from diverse sources is of guiding significance
for research activities. This study aims to rapidly and accurately identify
hotspot topics embedded in multi-source texts through the proposed model
methodology, thereby providing supportive services for scientific research inno-
vation.

[57%/327%2] We propose a method for identifying research hotspots in multi-source
texts based on the LDA2vec model and construct a model specifically for re-
search hotspot identification. This method integrates the advantage of the LDA
topic model in mining implicit semantics with the advantage of the Word2Vec
word vector model in capturing contextual relationships. Taking scientific lit-
erature in the field of machine learning as an example, we verify the feasibility
and effectiveness of LDA2vec’s application in this domain using two metrics—
model perplexity and topic coherence—and compare it with the topic extraction
performance of LDA.

[#58/453¢] Experimental results demonstrate that the proposed method is feasi-
ble for identifying and mining research hotspots when dealing with multi-source
data, and achieves a certain degree of performance improvement. It compen-
sates for the shortcomings of using single data sources for topic analysis and
enriches the practical application of multi-source data fusion.

Full Text

Preamble

Abstract: [Purpose/Significance] In scientific research, identifying and mining
research hotspots from different sources of scientific and technical literature is
of guiding significance for conducting research work. This study aims to rapidly
and accurately identify hot topics embedded in multi-source texts through the
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proposed model and method, providing support services for scientific research
innovation. [Method/Process] This paper proposes a method for identifying
research hotspots in multi-source texts based on the LDA2vec model and con-
structs a corresponding model. This method combines the advantages of the
LDA topic model in mining implicit semantics and the Word2Vec word vec-
tor model in capturing contextual relationships. Taking scientific literature
in the machine learning field as an example, the feasibility and effectiveness of
LDA2vec in this domain were validated using two metrics—model perplexity and
topic coherence—and compared with the topic extraction effects of LDA. [Re-
sult/Conclusion] Experimental results demonstrate that the proposed method
is feasible for identifying and mining research hotspots under multi-source data
conditions, with a certain degree of effectiveness improvement. It compensates
for the shortcomings of using single data sources for topic analysis and enriches
the practical application of multi-source data fusion.

Keywords: topic model; LDA2vec; research hotspot; LDA; Word2vec; multi-
source data fusion

Classification Number: G251.2

DOTI: 10.13266/j.issn.0252-3116.2020.05.009

The trend of explosive information growth is intensifying with technological and
temporal developments. When retrieving and collecting information on the In-
ternet, besides effective information, one is also disturbed by large amounts of
useless and irrelevant information. The same situation exists in scientific re-
search work. Reading and studying existing research results and journal papers
within a discipline is a primary means for researchers to quickly grasp the cur-
rent state of research in the field and form a more comprehensive understanding
of the discipline. Therefore, to timely grasp the research status and follow ma-
jor research hotspots and directions, hotspot identification and mining is an
effective and feasible approach.

However, most current research on research hotspot identification primarily fo-
cuses on single-source data. When facing multi-source data, where texts from
different sources are heterogeneous and likely lack citation relationships, tra-
ditional bibliometric analysis methods and keyword/thesaurus-based analytical
methods within library and information science cannot effectively produce re-
sults. To avoid the relatively macroscopic and rough results brought by tradi-
tional methods and to address the issues of insufficient comprehensiveness, ob-
jectivity, and depth caused by analysis limited to external document features, an
increasing number of studies now employ text mining methods. Content-based
text mining enables more effective and objective identification and analysis of
documents’ internal features, improving research granularity and depth. For
identifying and analyzing multi-source journal papers, analysis results from sin-
gle data sources cannot comprehensively reflect the overall research status of
the discipline. Combining papers and patents, which respectively reflect basic
research and technological innovation achievements, for topic hotspot analysis
is more advantageous in terms of information comprehensiveness and accuracy
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of scientific structure division compared to single-source literature, greatly ben-
efiting accurate positioning of research priorities, hotspots, and prediction of
research trends. Although these two document types differ in structure and
textual expression, belonging to heterogeneous literature, their content can be
effectively integrated to form new technical information. Understanding the
mutual influence and penetration relationship between science and technology,
identifying technological opportunities, and discovering potential commercial-
ization opportunities are significantly meaningful. Therefore, the application
and optimization of topic models in the field of research hotspot identification
are worth exploring.

1 Related Research
1.1 Research Hotspot Identification Methods

Research hotspot discovery in library and information science depends on dis-
covering and reasoning about hidden relationships between different entities,
representing an important extension and practice of scientometrics and intelli-
gence analysis. When identifying and analyzing research hotspots, researchers
primarily use methods that can be categorized into those based on external
document features and those based on internal document features.

Methods based on external document features include citation analysis and
knowledge unit analysis. Citation analysis takes citation frequency and pat-
terns between documents as research objects, revealing document attributes
through citation patterns—Ilinks from one document to another. Beyond direct
citation, co-citation analysis and bibliographic coupling are widely applied in re-
search hotspot identification with numerous developments, including document
co-citation, word co-citation, topic co-citation, author co-citation, and category
co-citation, as well as document coupling, author coupling, keyword coupling,
and journal coupling. Knowledge units, as the most basic units constituting
knowledge systems, can be narrowly understood as non-decomposable words in
scientometric research. Therefore, word frequency-based analysis methods and
thesaurus co-occurrence analysis methods are categorized as knowledge unit
analysis methods. These methods’ main characteristic is analyzing external
features of the most basic units (words) in literature, revealing entity relation-
ships within disciplinary structures at a more micro level than citation analysis.
While widely applied in research hotspot discovery, some scholars recognize
that citation analysis based on citation frequency cannot directly reveal liter-
ature content. For instance, Zhu Qingsong and Leng Fuhai argue that topic
identification based on citation content analysis better reveals why highly cited
papers are cited and aligns with overall paper content.

Methods based on internal document features can be understood as hotspot
identification methods based on text content mining. Semantic-level mining to
identify document set themes and connotations can solve problems of mean-
ingless or context-deviating results from external feature analysis. For exam-
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ple, Yang Chao built a topic model by extracting SAO structures from patent
texts, solving issues of unclear patent topic semantics and mismatched problem-
solution identification. Ruan Guangce used Doc2Vec methods for vector and
similarity calculations to generate hot topic paper collections, then applied topic
models and clustering algorithms for topic identification and mining, achieving
superior semantic feature recognition. Zhao Yifang introduced paragraph infor-
mation gain for policy texts, addressing the problem that existing topic models
cannot effectively allocate contribution differences of specific feature words to
similar policy topics, balancing contribution differences between different topics.

Overall, a relatively mature methodological system has initially formed in the re-
search hotspot identification field, including not only discipline-specific methods
like bibliometrics but also methods introduced from other disciplines and emerg-
ing technologies. However, three main problems exist: (1) insufficient semantic
understanding—traditional scientometrics-based methods primarily count the-
saurus terms (frequency, co-occurrence, citation counts) without deep text and
semantic research (synonyms, near-synonyms, different expression habits); (2)
single data source—using one data source to identify research fronts has lim-
itations and cannot comprehensively represent all scientific research frontier
information; and (3) time lag—the process from paper writing and review to
publication and citation formation is generally lengthy, causing temporal lag in
paper data.

1.2 Topic Model Research Status

A topic consists of a core event or activity and all directly related events and
activities. Topic models can analyze literature content and extract topics to
obtain hotspot knowledge and development trends within a field.

Literature review shows that since the LDA model itself is the most widely used
and relatively successful model with good performance in identifying implicit
semantics in large-scale document sets, and since the core of research hotspot
identification is mining and reasoning implicit knowledge from large-scale dis-
ciplinary literature, topic models applied to research hotspot identification are
primarily based on the LDA model. Regarding issues when applying LDA to re-
search hotspot and topic identification, many domestic scholars have optimized
it or combined LDA with other models to achieve research objectives, includ-
ing combinations with ontology, SNA social network analysis, citation analysis,
co-word analysis, tags, clustering algorithms, and relevant special indicators.

From the current domestic research situation, the overall direction of applying
topic models to research hotspot identification is relatively single, with most im-
provements based on the LDA model and few explorations of the feasibility and
effectiveness of new models and methods. In contrast, other fields like public
opinion hotspot identification and microblog hotspot identification have more
diverse and rich exploration methods. Many new methods may have better effi-
ciency and superior effects in text semantic understanding and mining, making
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them worth exploring for research hotspot identification and mining.

2 Research Hotspot Identification Method Based on
LDA2vec

2.1 Model Foundation

2.1.1 LDA Topic Model Topic models are unsupervised machine learning
methods that differ from traditional library and information science methods
based on external document features. While traditional methods only focus on
surface relationships between documents or word frequency, topic models can
extract deep semantic relationships between words and documents—so-called
“latent topic information”—effectively extracting hidden topics from large-scale
document sets and corpora. They have been widely applied in text senti-
ment classification and information extraction, providing excellent opportuni-
ties for in-depth text analysis and research topic mining with broad application
prospects and practical significance.

Since the earliest topic model LSI was proposed in 1998, many optimized model
algorithms have been developed that can explore implicit semantic structures
in document collections through calculation and learning of large numbers of
documents, sentences, and words. The core purpose of topic models is text
dimensionality reduction. Text dimensionality reduction technology has evolved
from TF-IDF matrices, unigram mixture models, and pLSA models to the most
classic LDA model, which can be understood as Bayesianizing pLSA. LDA is a
three-layer Bayesian network model composed of words, topics, and documents,
with the core idea that each document can be viewed as a mixture of various
topics, where each document is considered to have a set of topics assigned to
it through LDA. LDA obtains word clusters by calculating P(word|topic) and
P(topic|document). The two most critical steps are: (1) which topic a word
belongs to across all documents, and (2) which topic the document containing
the word belongs to.

Overall, LDA has two major advantages: (1) it can handle polysemy or different
contexts of the same word because LDA considers the entire document’s topic
tendency when dividing topics; and (2) it can find words to describe each topic,
which better guides comprehensive and profound understanding of a topic’s
meaning, greatly benefiting scientific research. However, LDA’s biggest disad-
vantage is that it is a typical bag-of-words model treating a document as a set
of words without considering word order and sequence relationships.

2.1.2 Word2vec Word Vector Model Although words in LDA can roughly
correspond to topics, this is usually not the case for word vectors. To deeply
understand text semantics and content, contextual considerations are crucial.
The LDA model fails to incorporate word relationships into its calculations,
while a major feature of word vector models is describing relationships between
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words. Word vectors are unrelated to word content but related to semantics,
focusing more on contextual logic.

Word2vec mainly has two models: (1) in the Continuous Bag-of-Words (CBOW)
structure, a set of context words predicts the pivot word; and (2) in the Skip-
gram architecture, the pivot word predicts surrounding context words. In other
words, CBOW inputs the sum of vectors of n words around word w_1i and
outputs the vector of word w__i itself; Skip-gram inputs the vector of word w__i
itself and outputs vectors of n words around w__i.

From the model perspective, LDA’s foundation is latent topics, while
Word2vec’s foundation is context. LDA focuses on document-word co-
occurrence, while Word2vec focuses on context-word co-occurrence. The two
are complementary for semantic analysis and form the basis of this study’s
model construction.

2.2 Model Construction

The LDA2vec model proposed by C.E. Moody et al. is a model that jointly
learns dense word vectors mixed with Dirichlet-distributed latent document-
level topic vectors. It simultaneously leverages LDA’s advantage in topic capture
and Word2vec’s advantage in capturing relationships between words. Built on
Word2vec’s Skip-gram model, it transforms from using a pivot word to predict
context words to using context vectors to predict context words. Specifically,
it extends the Skip-gram model by incorporating topic and document vectors,
combining ideas from word embedding and topic models. Inspired by Latent
Dirichlet Allocation (LDA), the model is extended to simultaneously learn word,
document, and topic vectors.

Therefore, referencing C.E. Moody’s LDA2vec model, this study hopes to more
efficiently predict surrounding words through more data and features to more
effectively extract topics implicit in literature. Based on the hybrid LDA2vec
model, this study borrows its approach of integrating LDA’s global characteris-
tics and Word2vec’s local relationships to explore a hotspot topic identification
method that mixes sparse document representations with dense word and topic
vectors, constructing the model structure and process shown in Figure 1 [Figure
1: see original paper].

C.E. Moody’s implementation algorithm for the LDA2vec model has overly high
GPU requirements, is suitable only for ultra-large-scale data, and has low effi-
ciency. Based on experiments with their model from GitHub, results show little
difference compared to traditional LDA. Therefore, considering hotspot identi-
fication needs and the relatively small scale of original data, this study made
some improvements to the model implementation: first using mature Word2vec
and LDA models to train the corpus, then using LDA2vec’s core algorithm for
iterative calculation to obtain better results while improving efficiency.
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2.3 Model Parsing

The core algorithm in the constructed model mainly includes two parts of calcu-
lation and training: one part trains to obtain information about the proportion
of different topics in an article; the other part learns context vector represen-
tation based on the Skip-gram method when pivot and target words are deter-
mined.

2.3.1 Word Vector Representation Word vector learning superficially in-
cludes two parts: first obtaining word vector representation through Skip-gram,
then introducing context vectors and using Skip-gram negative sampling ideas
to learn target word vector representation. However, the second part’s word
vectors remain unchanged in this model. The actual goal is to learn content
vector representation by minimizing the loss function of (pivot word + docu-
ment, target word) pairs versus (pivot word + document, random word) pairs,
borrowing word vector training methods.

Consistent with previous Word2vec methods, negative sampling determines sam-
pling probability based on word frequency. The probability of sampling a certain
word is as follows, with parameter set to 3/4:

[counter(w)]?/*

> uepleounter(u)]?/4

len(w) = Formula (1)

Like the Word2vec model, when input word and target word pair (j, i) co-
occur in a moving window across the corpus, they are extracted. For each
(input word-target word) pair, the input word predicts nearby target words.
Each word is represented by a fixed-length dense distributed representation
vector. Unlike Word2vec, this model uses the same word vectors in input and
target representations. The word drawing distribution is u”, where u represents
overall word frequency normalized by corpus size. Unless otherwise specified,
the sampling power [ is set to 3/4, and the number of negative samples is fixed
at n = 15. Compared with the unigram distribution, this choice emphasizes
selecting uncommon words for negative samples. Instead of optimizing softmax
cross-entropy, negative sampling studies learning single words conditioned on
context by drawing negative samples from marginal popularity in the corpus.

2.3.2 Document Vector Representation This part’s significance lies in
obtaining document vector representation for corresponding documents, then
adding them to word vectors as initial context vector values. The model pro-
cesses documents by decomposing document vectors into document weight vec-
tors and topic matrices. Document weight vectors represent percentages of dif-
ferent topics, while topic matrices consist of different topic vectors. Therefore,
context vectors are constructed by combining different topic vectors appearing
in documents.
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First, based on the Skip-gram model, pivot and target word pairs appearing in
moving windows scanning the corpus are extracted. For each word pair, the
pivot word predicts nearby target words. Second, latent vectors are randomly
initialized for each document in the corpus. Document weights are softmax-
transformed weights producing document proportions. The result is a propor-
tion vector summing to 100%, representing a single document’s topic propor-
tions. For example, a document might contain three topics: Topic 0 at 41%,
Topic 1 at 26%, and Topic 2 at 34%.

Each topic has a distributed representation in the same space as word vectors.
Although each topic is not literally a token in the corpus, it is similar to other
tokens. Each document vector is a weighted sum of topic vectors. This analysis
produces interpretable topics that help people directly understand document
main content without detailed examination.

The initial value setting for the context corresponding to a certain word j is as
follows:

j = ajo . tO + ajl . tl Formula (2)

Here, j represents word j’s word vector obtained from previous steps; d repre-
sents vector representation of all word-context pairs for the word. The specific
formula is:

J=a - t, Formula (3)

where t;, represents the vector representation of corresponding topic k£ obtained
from the LDA model through matrix decomposition methods consistent with
word vector length. aj, represents the probability that document j belongs to
topic k, with values between 0 and 1. To ensure interpretability of a, softmax is
used to guarantee it sums to 1 and is non-negative. After obtaining ¢, relevant
topic vocabulary can be obtained based on similarity between word vectors and
the topic.

a;, calculation is closely related to L,, with the specific calculation formula:

L,=\ Z(a —1)logp;, Formula (4)
jk

When « < 1, topic distribution tends to be sparse. Conversely, topic distribution
becomes more concentrated. To enhance model interpretability, « = n — 1 is
used, where n represents the number of topics. Meanwhile, when A = 200, the
model performs better.
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3 Experimental Results and Evaluation—Machine Learning
Domain Case Study

3.1 Data Source and Preprocessing

First, a discipline with relatively mature development and clear boundaries was
selected as the analysis object. Machine learning research results were chosen as
data objects. On February 1, 2019, all Chinese literature published in the CNKI
journal database and patent database were retrieved. According to experimen-
tal requirements, scientific and technical literature (including academic papers
and patent documents) in the machine learning field were searched. The re-
trieval expression was set as SU=‘machine learning’, with publication time and
patent disclosure date limited to the 15-year period from 2004 to 2019. The
retrieval results on February 1, 2019, included 5,869 journal articles and 3,865
patent documents. After screening original data to remove irrelevant content
and duplicates, a total of 8,928 items were collected, including 5,063 journal
papers and 3,865 patent documents.

In the CNKI database, each journal article and patent document has title and
abstract indexing, supporting multi-source text fusion. Journal paper data and
patent literature data were combined by title and abstract fields to form the
preliminary raw dataset.

The content obtained after the above steps was raw data directly crawled from
the database. It required segmentation and stop word removal to process into
content suitable for subsequent model input and computer recognition. Jieba
was used as the tool for word segmentation and stop word removal. Jieba sup-
ports stop word filtering; this experiment used jieba to filter out words and
punctuation without specific meaning in documents as stop words. Text pre-
processing is a repetitive process requiring expansion of custom segmentation
dictionaries and feature selection until processing results meet model input re-
quirements.

3.2 Topic Extraction Based on LDA2Vec

The LDA2vec model proposer C.E. Moody open-sourced the core library on
GitHub, but experiments based on their model show overly high GPU require-
ments and little performance difference compared to traditional LDA. Therefore,
this study improved the model implementation: first using mature Word2vec
and LDA models to train the corpus, then using LDA2vec’s core algorithm for
iterative calculation to obtain better results while improving efficiency.

3.2.1 Word Vector Representation The preprocessed paper and patent
texts were used as corpus to generate word vectors for the fused document
set using Word2vec as input for subsequent models. Python’s Gensim toolkit
encapsulates the Word2vec model. This experiment implemented Skip-gram
model word vector training using gensim.models.word2vec in the Gensim pack-
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age. According to research requirements, key parameter settings for Word2vec
are shown in Table 1 .

Table 1 Word2vec Model Parameter Settings

Parameter Value Reason and Purpose

sg 1 Set algorithm to Skip-gram

size 100 Word vector dimension, default 100
for subsequent calculation
convenience

window 5 Training window size, generally 5

(@31

min_ {count} Dictionary truncation minimum

frequency, default 5

sample le-3 Sampling threshold, higher
frequency words are more easily

sampled, default le-3

negative 3 Do not use HS method, adopt
negative sampling method
noise_ {words} 15 Number of noise words for negative

sampling, generally 3

3.2.2 Document Vector Representation Another LDA2vec model input
comes from LDA model output results—the topic-word distribution matrix and
document weights. Therefore, this study also used the preprocessed corpus as
dataset input for LDA model training. Python includes many packages like
gensim and sklearn that encapsulate LDA models. Considering subsequent
perplexity evaluation metric calculations, sklearn was chosen for LDA model
training.

Topic number setting significantly impacts LDA model output results. Too
many topics lead to insignificant results; too few topics result in some words
corresponding to multiple topics. Perplexity is commonly used as a main evalu-
ation metric for topic models, describing topic division certainty and reflecting
model quality to some extent. Although topic number selection affects per-
plexity calculation and perplexity can only serve as a reference, topic number
determination also requires considering subjective needs. As topic numbers
vary, model perplexity changes continuously, as shown in Figure 2 [Figure 2:
see original paper]. After comprehensive consideration of perplexity values and
subjective research needs, the topic number K was set to 15, with hyperparame-
ters taking default values for LDA model training to obtain topic-word matrices
and document weights. The extracted results are shown in Figure 3 [Figure 3:
see original paper].

Topics were sorted by occurrence probability from high to low, totaling 15 topics.
Top 10 probability topic words for each topic were selected to more clearly and
accurately understand each topic’s implicit semantics.
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3.2.3 Topic Extraction Based on LDA2vec LDA2vec model inputs in-
clude word vectors obtained in Section 3.2.1 and document vectors calculated
in Section 3.2.2, which are input into the LDA2vec model for fusion training.

3.3 Topic Visualization Based on LDA2vec

The pyLDAvis toolkit was used for visual display of topic identification results,
enabling more intuitive observation and analysis of hotspot topic results. The
visualization results are shown in Figure 4 [Figure 4: see original paper].

The pyLDAvis visualization interface consists of two parts: the left side visually
displays all identified topics, with graphic size representing topic occurrence
probability and graphic positions indicating relationships between different top-
ics; the right side visualizes topic word probabilities, with light bars representing
total occurrence frequency of topic words. When selecting a topic on the left,
the corresponding topic words’ frequencies in that topic are highlighted on the
light bars.

Based on this visualization, hotspot topics, prominent topics, and inter-topic re-
lationships can be more clearly explored. Results show that identified Topics 1-4
account for the vast majority of all literature. Observing characteristic words of
topics 0-3, they can be summarized as “Algorithms and Methods,” “Text Clas-
sification,” “Feature Detection,” and “Data Analysis.” Among these, research
on machine learning-related algorithms and methods holds an absolute position
in the machine learning field and is associated with other topics. Eight topics
in the first quadrant—*“Medical Applications,” “Predictive Analysis,” “Images,”
“Educational Applications,” “Mechanical Applications,” “Communication and
Signals,” “Early Warning Systems,” “Genetic Applications,” and “Semantics”—
though accounting for less proportion with larger gaps compared to the first four
topics, have many associations and overlaps, showing that machine learning ap-
plications in different fields are closely interrelated and mutually referential.

From both visualization results, topics extracted by the LDA2vec model are
substantial, with relatively clear relationships and minimal overlap or cross-
ing. The pyLDAvis tool enables convenient in-depth exploration and analysis of
identified topics’ relationships, connotations, and meanings, greatly benefiting
researchers.

3.4 Experimental Comparison and Evaluation

C.E. Moody validated the LDA2vec model’s feasibility using Hacker News com-
ment data and the Twenty Newsgroups text classification/clustering dataset,
primarily demonstrating model identification results and calculating topic coher-
ence for a small portion without comparing model performance with traditional
models. This experiment conducts comparison and evaluation from two aspects
to verify the proposed method’s feasibility and effectiveness. First, evaluation
based on the widely used metric—perplexity—understood as the uncertainty of
the trained model about which topic document d belongs to; lower perplexity
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indicates better clustering effects. Second, evaluation based on topic coherence
metrics quantifies similarity relationships between characteristic words under
identified topics, reflecting which topics are usable and valuable.

3.4.1 Model Perplexity In information theory, perplexity is an important
metric for measuring how well a probability model predicts samples. In natural
language processing, a language probability model can be viewed as a probability
distribution over entire sentences or paragraphs, with the basic idea that better
language models assign higher probability values to test set sentences. The
formula is:

S log p(w,, 1, w Wnn,,)
P(W|M) = exp (— m=1 7\21’ m2r N, ) Formula (5)
2ot Nm

From the formula, smaller perplexity means larger sentence probability and
better language model performance.

The same data were trained using both LDA and LDA2vec models. Using
Python’s sklearn package lda_ {perplexity} function, perplexity values for both
models were calculated. Topic number range was set to [1, 100] with interval 5,
and perplexity variation curves for both models were calculated and plotted as
topic numbers varied from 1 to 100. The perplexity value distribution curves for
LDA and the experimental model are shown in Figure 5 [Figure 5: see original
paper].

Figure 5 shows that the new model’s curve appears below the LDA topic model
curve within a certain range, especially when topic number K < 40. This meets
most research topic identification needs, as identifying research hotspots in a dis-
cipline requires dividing large numbers of documents into limited, effective topic
classifications to facilitate subsequent scientific research support. Too many top-
ics do not meet our needs. Since larger perplexity values indicate worse model
classification effects, while smaller values indicate better classification effects
and stronger generalization ability, the experimental model is more suitable for
research hotspot identification within a certain range.

3.4.2 Topic Coherence The corpus was experimented with under both LDA
and LDA2vec algorithms to identify the same number of hotspot topics and top
10 characteristic words under each topic. Hotspot topic identification results
based on LDA and LDA2vec models are shown in Tables 2 and 3 respectively.

Table 2 LDA2vec Hotspot Topic Identification and Induction Results
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Topic

Top 10 Topic Words

Algorithms and
Methods
Text Classification

Feature Detection

Data Analysis

Financial
Applications
User Analysis

Medical
Applications
Predictive Analysis

Video Data

Teaching
Applications
Mechanical
Applications
Communication
and Signals
Early Warning
Systems
Genetic
Applications

Semantics

algorithm, method, learning, machine, research, data,
technology, analysis, algorithm, field, development
model, prediction, algorithm, learning, machine,
method, classification, data, feature, regression
algorithm, feature, method, classification, learning,
detection, data, machine, sample, propose

artificial intelligence, development, technology,
intelligent, system, learning, analysis, field, machine,
computing

artificial intelligence, development, technology, data,
research, economy, decision, risk, planning, city
data, system, analysis, user, technology, early
warning, machine, network, platform, fault
diagnosis, model, clinical, patient, prediction,
learning, method, analysis, machine, imaging
prediction, variable, algorithm, soil, research,
machine, model, utilization, information, learning
video, machine, research, technology, learning,
generation, target, monitoring, utilization, artificial
intelligence

data, curriculum, teaching, learning, student, major,
enterprise, innovation, training, artificial intelligence
system, testing, algorithm, ship, environment,
machine, path, learning, tracking, operation
network, neural, recognition, generation, fraud,
machine, learning, structure, chip, signal

forecast, model, learning, drop, knowledge,
construction, effect, relationship, accident

effect, hereditary transmission, prediction,
constitution, material, DNA, data, research, genome,
hierarchy

entity, semantics, relationship, classification, research,
purpose, meaning, information, extraction, structured

Table 3 LDA Hotspot Topic Identification and Induction Results

Topic

Top 10 Topic Words

Model Prediction

Adversarial
Samples

model, prediction, risk, learning, machine, based,
data, patient, clinical, method

adversarial, sample, power grid, webpage, swarm,
agent, sound, attack, descriptor, content
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Topic Top 10 Topic Words

Diabetes Research diabetes, research, method, learning, algorithm,
model, prediction, machine, detection, classification

Machine Learning learning, machine, research, data, depth, algorithm,
application, method, based, classification

Text Data based, method, text, data, learning, algorithm,
sentiment, information, model, algorithm

Neural Networks algorithm, learning, prediction, machine, research,
information, diagnosis, method, flight, forecast

Fault Diagnosis neural network, model, abnormal sound, effect,
pattern, quality, chip, based, fault, feature

Ship Applications feature, based, algorithm, prediction, machine,
equipment, learning, data, clustering, image

Android segmentation, research, based, algorithm, prediction,

Applications device, learning, machine, data, application

Commodity Effects commodity, effect, meridian conduction, hash, web,
influence, sales, brand, robot, environment

Library Forecasting environment, library, forecast, commercial bank,
customer, identification, city, division, operation

Brand Recognition  brand, robot, environment, library, forecast,
commercial bank, customer, identification, city

Preliminary observation of the topic word results in the two tables shows that
topics identified by the LDA2vec model have higher comprehensibility. Sec-
tion 3.3’s pyLDAvis visualization can show the number of words contained in
each topic and their distances, making clustering effects more interpretable,
but cannot provide numerical quality assessment. The topic coherence method
quantitatively evaluates model effectiveness with specific values. For further
verification, topic coherence was used as an evaluation metric. Since people
understand topic models as words belonging to the same topic co-occurring
frequently in corpora, topic coherence measures semantic similarity between
high-scoring words in topics, helping distinguish interpretable topics from sta-
tistically inferred ones.

Gensim 0.13.1 provides several calculation methods, including C_{UCI} and
U-Mass, which mainly differ in “co-occurrence” definitions. UCI formula is:

p(w;, wy) + €

score(w;,w;, €) = log
p(wi)p(wj)

; Formula (6)

It calculates word probabilities by computing word co-occurrence frequencies
in sliding windows of external corpora (like Chinese Wikipedia). This metric
can be considered an external comparison of known semantic evaluation. The
U-Mass metric defines scores based on document co-occurrence:
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W;, W;) + €
score(w;, w;, €) = log —Dia) Formula (7)

where D(z,y) counts documents containing both words x and y, and D(z)
counts documents containing x. The U-Mass metric calculates counts from the
original corpus used to train the topic model, making it more intrinsic. For this
evaluation, the U-Mass method was adopted for topic coherence measurement,
as this evaluation measure has been proven to better match human judgment
of topic quality.

Using this evaluation standard, the correlation relationships under divided top-
ics are quantitatively manifested. Characteristic words from 15 topics output
by both models were selected, and the U-mass coherence function was used to
calculate topic relevance, with results shown in Table 4 .

Table 4 Topic Coherence Comparison Between LDA2vec and LDA

Topic # LDA2vec Coherence Topic # LDA Coherence

1 0.679 1 0.623
2 0.729 2 0.425
3 0.668 3 0.635
4 0.678 4 0.691
5 0.687 5 0.653
6 0.612 6 0.624
7 0.712 7 0.564
8 0.675 8 0.635
9 0.472 9 0.653
10 0.615 10 0.635
11 0.574 11 0.624
12 0.645 12 0.564
13 0.612 13 0.635
14 0.713 14 0.653
15 0.479 15 0.635
Average 0.653 Average 0.635

As shown, within most identified topics, the proposed LDA2vec model’s topic
coherence values are slightly higher than traditional LDA’s, with an average
of 0.653 slightly greater than LDA’s 0.635. Therefore, from quantitative verifi-
cation based on topic coherence, the internal correlation of topic words under
certain topics is higher, making them easier to understand and summarize, pro-
viding greater convenience for researchers’ next steps in scientific innovation.

Overall, compared with traditional LDA, the proposed model inherits advan-
tages of traditional LDA algorithm and Word2vec word clustering algorithm,
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providing reference value for topic research. Moreover, in multi-source text en-
vironments, this method demonstrates good performance. This study better
introduces the LDA2vec topic model method into library and information sci-
ence, rapidly and accurately identifying hot topics embedded in multi-source
texts to support scientific research innovation.

4 Conclusion and Limitations
4.1 Conclusion

This study’s innovation lies in: (1) exploring application scenarios for multi-
source data fusion. Current research on multi-source data fusion in library and
information science mostly explores macro-level significance and methods, but
lacks in-depth discussion from practical application scenarios, solutions, and
specific technical implementation details. This research provides one approach.
As mentioned, different scientific texts contribute differently to research—some
focus on theoretical research, some on methods and technology implementation,
and some on frontier exploration. One innovation is fusing multi-source texts as
objects for research hotspot topic identification and studying specific implemen-
tation methods and technical details. This experiment selected two different
data sources—journal paper data and patent literature data—to achieve pre-
liminary integration of theory and practice when identifying research hotspot
topics in a discipline. (2) Exploring and verifying application scenarios of the
LDA2vec topic model. Currently, research hotspot identification primarily uses
traditional LDA models, with some optimizations. Existing LDA2vec model
research mainly applies to news recommendation and sentiment tendency anal-
ysis. This study innovatively applies this model to library and information
science, proposing specific implementation methods for research hotspot topic
identification, expanding the model’s practical applicability.

In summary, the proposed LDA2vec-based research hotspot identification
method achieves relative improvement in topic extraction effectiveness. The
model’s perplexity is lower than traditional LDA across most ranges, with
stronger generalization ability. Higher internal correlation of topic words under
certain topics makes them easier to summarize and name, providing more
convenience for researchers.

4.2 Limitations

First, regarding experimental data source selection. This study’s core content is
topic identification facing multi-source texts. However, only two data sources—
journal papers and patent documents—were selected for fusion analysis, without
involving other data types and sources, and without discussing impacts of dif-
ferent data source types on experimental results.

Second, regarding data acquisition and processing. Due to the enormous size of
full-text data, this study mainly focused on titles and abstracts of the two data
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sources. Fusion of these two data types relied on scientific literature databases’
indexing functions for titles and abstracts, and these two document types have
similar, complete functional structures—meaning this study’s data foundation
is isomorphic. When facing heterogeneous data sources, deeper exploration of
data acquisition and processing would be needed.

In conclusion, research hotspot identification is significant for scientific research
work. This study conducted some methodological and application explorations,
but future research should address more complex multi-source data and more
efficient identification effects.
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