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Abstract
[Objective] To effectively determine the optimal number of topics for the LDA
topic model in scientific and technological intelligence analysis. [Method] By
utilizing topic similarity to measure differences between latent topics and com-
bining it with perplexity, a method is proposed to determine the optimal num-
ber of topics for LDA, which considers both the effectiveness of topic extraction
and the model’s generalization capability to new documents. [Results] Us-
ing scientific and technological literature in the domestic new energy field as
the dataset, empirical results demonstrate that the proposed method for deter-
mining the optimal number of LDA topics achieves higher precision (91.67%),
F-score (86.27%) for topic extraction, and recommendation accuracy (71.25%)
for scientific and technological literature compared with using perplexity alone.
[Limitations] The validation of the proposed method has not been conducted
on other types of datasets, such as Weibo short texts, XML documents, etc.
[Conclusion] The proposed method can effectively extract highly distinguish-
able topics from scientific and technological literature datasets and improve the
effectiveness of scientific and technological literature recommendation.
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Abstract

This study aims to effectively determine the optimal number of topics for Latent
Dirichlet Allocation (LDA) models in scientific and technical information anal-
ysis. The study employs topic similarity to measure differences among latent
topics and proposes a novel method for determining the optimal topic num-
ber by combining perplexity with topic variance. This approach simultaneously
considers both topic extraction effectiveness and model generalization capability
for new documents. Using a dataset of Chinese scientific literature in the new
energy field, empirical results demonstrate that the proposed method achieves
higher precision (91.67%), F-score (86.27%), and scientific literature recommen-
dation accuracy (71.25%) compared to using perplexity alone. However, the
validation was not conducted on other types of datasets, such as microblog
short texts or XML documents. The proposed method can effectively extract
highly distinguishable topics from scientific literature datasets and improve the
performance of scientific literature recommendation.
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Latent Dirichlet Allocation (LDA) represents a typical statistical language
model that has gained widespread application in information analysis, knowl-
edge services, and knowledge discovery in recent years. Its primary applications
include scientific literature mining [2-4], detection of research hotspots and
emerging topics [5-7], research topic evolution analysis [8-10], and academic
evaluation [11]. LDA’s popularity in information science stems from its suitabil-
ity for modeling massive heterogeneous text data and its ability to substantially
reduce text dimensionality, thereby avoiding the curse of dimensionality [12].
Numerous empirical studies in scientific and technical information analysis have
demonstrated LDA’s reliability and effectiveness, yet several unresolved issues
remain. Compared with general text mining tasks, scientific and technical
information analysis imposes higher requirements on LDA in two main aspects:

First, in general text mining tasks such as text clustering, classification, and
automatic summarization [13-16], LDA typically serves as an intermediate di-
mensionality reduction step without requiring explicit presentation of topics.
However, in scientific and technical information analysis tasks such as research
topic discovery and evolution analysis, LDA must present and analyze the ex-
tracted topics, where the quality of topic extraction directly impacts the effec-
tiveness of topic identification and evolution analysis.

Second, determining the optimal number of topics receives greater emphasis in
information analysis applications. The inability to determine the optimal topic
number is widely recognized as LDA’s primary limitation [17], yet this issue
has not received sufficient attention in current applications of LDA for scientific
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and technical information analysis.

Extensive empirical research confirms that LDA’s topic extraction effectiveness
is directly related to the number of latent topics (K value), with results being
highly sensitive to this parameter. Consequently, scholars have conducted re-
lated research to determine the optimal topic number through various methods,
with three commonly used approaches:

(1) Perplexity-based method: Blei et al. employed perplexity as a standard
for evaluating model quality, selecting the model with minimal perplexity
to determine the optimal topic number [1]. While perplexity can identify
optimal predictive capability, the resulting topic number tends to be ex-
cessively large, leading to high similarity among extracted topics and poor
topic distinguishability, which reduces efficiency in scientific and technical
information analysis.

(2) Non-parametric approaches: Hierarchical Dirichlet Processes (HDP)
represent a typical non-parametric Bayesian model that can automatically
learn the most appropriate topic number K from document collections [18].
HDP addresses LDA’s topic number selection problem through the non-
parametric characteristics of the Dirichlet process, with experiments con-
firming that HDP’s optimal topic number aligns with perplexity-based
selection. However, this method requires building both an HDP model
and an LDA model for the same collection, suffers from high computa-
tional complexity, and exhibits low efficiency in scientific and technical
information analysis applications.

(3) Bayesian model selection: Griffiths et al. proposed using Bayesian
models to determine the optimal topic number [19]. This method relies
on the Gibbs sampling process, exhibits high computational complexity,
and can only determine topic numbers without characterizing model gen-
eralization capability.

Additionally, scholars have explored the relationship between topic similarity
and optimal topic number. Arun et al. conceptualized LDA as a matrix factor-
ization process where topic extraction effectiveness depends on K value selection,
experimentally demonstrating that KL divergence measures of topic similarity
yield smaller values when topic numbers approach the optimal value and larger
values when deviating from it [20]. Cao et al. theoretically and experimentally
established the relationship between optimal topic number and topic similarity,
using this as a constraint to unify optimal K value selection with LDA param-
eter estimation within a single framework [21]. Their experiments proved that
the optimal K value relates to both the quantity of texts in the collection and
their inter-document correlation. Comprehensive analysis reveals that existing
methods for determining LDA’s optimal topic number suffer from either high
model complexity or low topic distinguishability. Therefore, this paper proposes
a new method for determining topic number based on topic similarity.

chinarxiv.org/items/chinaxiv-201711.02043 Machine Translation

https://chinarxiv.org/items/chinaxiv-201711.02043


Methodology: A Perplexity-Topic Similarity Combined
Approach
Topic distinguishability correlates closely with inter-topic similarity: smaller
similarity yields greater distinguishability. Balancing model generalization ca-
pability with topic extraction effectiveness, this paper proposes a combined
metric called Perplexity-Var to determine the optimal topic number.

Perplexity

In probabilistic language models, perplexity evaluates language model quality
based on the principle that better models assign higher probabilities to test sets
[22]. Smaller perplexity indicates better predictive performance for new texts,
and perplexity generally decreases as the number of latent topics increases.

In LDA topic models, perplexity is calculated as follows [1]:

Perplexity(𝐷) = exp (−∑𝑀
𝑑=1 log 𝑝(𝑤𝑑)
∑𝑀

𝑑=1 𝑁𝑑
)

where 𝐷 represents the test set in the corpus containing 𝑀 documents, 𝑁𝑑
denotes the number of words in each document 𝑑, 𝑤𝑑 represents the words
in document 𝑑, and 𝑝(𝑤𝑑) is the probability of generating words 𝑤𝑑 in the
document.

Perplexity-Var

Common methods for calculating topic similarity include Kullback-Leibler (KL)
divergence [23] and Jensen-Shannon (JS) divergence [24]. Since KL divergence
does not satisfy symmetry or the triangle inequality, this study adopts JS di-
vergence to measure inter-topic similarity.

By introducing the concept of variance from random variables into the latent
topic space, we can measure the overall dispersion of the topic space. Topic
variance, denoted as Var(𝑇 ), represents the average squared distance between
each topic and their mean, measuring the deviation of topics from their mean
and assessing the overall dispersion and stability of the latent topic space. The
calculation proceeds as follows:

1. Compute the mean ̄𝜙 of the topic-word probability distributions 𝜙
2. Calculate topic variance using JS divergence:

Var(𝑇 ) = 1
𝐾

𝐾
∑
𝑖=1

𝐷𝐽𝑆(𝑇𝑖 ∥ ̄𝜙)

where 𝑇 represents topics extracted by LDA, 𝐾 is the topic number, and 𝐷𝐽𝑆
denotes JS divergence. Var(𝑇 ) measures stability and dispersion among topics:
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larger variance indicates greater inter-topic differences and better distinguisha-
bility, yielding more stable topic structures.

As previously noted, using LDA for scientific literature topic extraction often
results in excessively large topic numbers when using perplexity alone, lead-
ing to high topic similarity and poor distinguishability. While perplexity re-
flects model predictive capability, pursuing predictive performance exclusively
inevitably yields overly large topic numbers. Combining both metrics effectively
addresses the distinguishability problem.

The Perplexity-Var metric is calculated as:

Perplexity-Var(𝐷) = Perplexity(𝐷)
Var(𝑇 )

where Perplexity(𝐷) is the test set perplexity and Var(𝑇 ) is the test set topic
variance.

Interpretation: First, considering model generalization capability, smaller
perplexity indicates better LDA generalization. Second, considering topic ex-
traction effectiveness, the optimal LDA model corresponds to minimal average
similarity among topic structures [21], which translates to larger topic structure
variance. Therefore, larger topic variance indicates better topic extraction ef-
fectiveness and smaller Perplexity-Var values. In summary, the LDA model is
optimal when Perplexity-Var is minimized.

Experiments
Data and Preprocessing

Data Collection: Experimental data were retrieved from CNKI (China Na-
tional Knowledge Infrastructure). After deduplication and removal of incom-
plete records, 1,018 documents from China’s new energy field (1994-2000) were
obtained, including title, author, institution, abstract, and keywords (full text
not included). Ten percent of the corpus served as the test set for model evalu-
ation, with the remainder used for LDA model training.

Through analysis of titles, keywords, and abstracts from 1,018 documents, we
identified 27 valid topics containing 955 documents, with 63 documents having
unclear topics, as shown in .

Preprocessing: 1. Domain dictionary extraction and segmentation: Python
scripts extracted keywords from 1,018 documents, calculated term frequency,
and built a domain dictionary. The jieba segmentation package [25] segmented
abstracts using the domain dictionary as a custom user dictionary to improve
segmentation quality. 2. LDA implementation: Topic extraction used the gen-
sim machine learning package [26] for Python, with Perplexity-Var calculation
and document similarity computation also implemented in Python.
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The experimental environment consisted of a Windows 7 Ultimate system with
an Intel(R) Core(TM) i5-4570 CPU @ 3.2GHz and 4GB RAM.

Evaluation Metrics and Comparative Analysis

Among the three methods for determining LDA’s optimal topic number, the
HDP-based approach suffers from high computational complexity, while the
Bayesian method based on Gibbs sampling cannot characterize new document
prediction capability. Therefore, this study selected the popular perplexity-
based method as the baseline for comparison.

Evaluation was conducted from two perspectives: scientific literature topic ex-
traction effectiveness and similarity-based recommendation performance.

(1) Topic Extraction Effectiveness: Measured using precision (P), recall
(R), and F-score. Precision evaluates the proportion of correctly extracted topics
among all valid topics extracted by LDA. Recall assesses the proportion of
correctly extracted topics relative to domain research topics identified by expert
judgment. F-score is the harmonic mean of precision and recall:

𝑃 = correct
extract , 𝑅 = correct

standard , 𝐹 = 2𝑃𝑅
𝑃 + 𝑅

where extract is the number of valid topics extracted by LDA, correct is the
number of correctly extracted topics (those contained within expert-judged do-
main topics), and standard is the number of domain topics identified through
literature review and expert evaluation.

(2) Document Similarity Recommendation: High-quality scientific infor-
mation services must address user needs for finding literature similar to their
readings. Recommendation quality directly correlates with extracted topic qual-
ity, making it a crucial evaluation criterion.

After LDA topic extraction on the training corpus, documents are represented in
a topic vector space with substantially reduced dimensionality compared to word
vector space. For new documents in the test set, the trained LDA model extracts
topics and maps documents to the topic space, where JS divergence measures
similarity between new and training documents to complete recommendation.

The similarity-based recommendation process: 1. Train LDA model on the train-
ing corpus with topic number K 2. Extract topics for test set documents using
the trained model 3. Calculate JS divergence between each test document and
all training documents; smaller JS divergence indicates greater similarity. Rank
all documents by similarity, with top-ranked documents being most similar.

Test set documents (102 documents) were manually annotated to identify the
top 10 most relevant documents from the training set. For each test document,
the top 10 recommended documents were retrieved, and recommendation preci-
sion was calculated as:
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Recommend Precision = ∑𝑀
𝑖=1 |𝑇𝑖 ∩ 𝑅𝑖|
10 × 𝑀

where 𝑀 is the number of test documents, 𝑇𝑖 is the manually annotated top-10
relevant document set, and 𝑅𝑖 is the algorithm’s top-10 recommendation set.

Experimental Results and Analysis

(1) Optimal Topic Number Determination: The experiment varied topic
number K from 10 to 200 in increments of 10, performing LDA extraction and
calculating both Perplexity and Perplexity-Var metrics on the test set.

Perplexity Metric: As shown in [Figure 1: see original paper], perplexity
reached its minimum at K=70, identifying 70 as the optimal topic number.

Perplexity-Var Metric: Topic variance across different K values was calcu-
lated using JS divergence, as shown in [Figure 2: see original paper]. Variance
decreases as topic number increases because larger numbers introduce inter-
fering and semantically redundant topics, increasing inter-topic similarity and
reducing topic structure stability.

Applying the Perplexity-Var metric, [Figure 3: see original paper] shows the
minimum occurs at K=30, identifying 30 as the optimal topic number.

Comparing both metrics, the perplexity-based result (K=70) deviates signif-
icantly from the human-judged topic number (27), while the Perplexity-Var
result (K=30) closely aligns with expert evaluation.

(2) Comparative Performance Analysis

Topic Extraction Effectiveness: Using K=70 (perplexity) and K=30
(Perplexity-Var), LDA extracted topics from the new energy literature dataset.
Partial results are shown in and (displaying top 10 topics, probability values
omitted).

Topic meaning emerges from the comprehensive semantics of topic terms. Com-
parison with human-judged topics () reveals that the Perplexity-Var model cor-
rectly extracted 22 topics with 6 interfering topics among 30 total topics, while
the perplexity model correctly extracted 23 topics but included 29 interfering
topics among 70 total topics. Performance comparison is shown in :

demonstrates that the perplexity-based method extracts many valid topics, but
most are redundant with numerous interfering topics, resulting in lower precision
and F-score. The Perplexity-Var method produces fewer interfering topics with
higher overall performance. Scientific literature mining requires both accuracy
and efficiency; excessive interfering topics severely impact mining effectiveness.

Document Similarity Recommendation: The training set was processed
through LDA to obtain the topic space, with test documents represented as
vectors in this space. Similar documents were recommended using the proposed
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method, retrieving top-10 recommendations. shows the similarity recommenda-
tion precision for both metrics.

The Perplexity-Var metric achieves higher recommendation precision because it
considers both predictive capability and topic similarity, enhancing inter-topic
differences and topic distinguishability. When documents are mapped to the
topic space, topics can accurately represent document semantic information.
and illustrate recommendation results for sample documents on tidal power and
wind power topics, demonstrating that K=30 produces more relevant recommen-
dations than K=70, with more semantically similar documents ranked higher.

Discussion and Conclusion
In the big data era, increasing demand for intelligent information analysis re-
quires algorithms capable of processing massive text data. This paper analyzed
LDA’s characteristics and identified key differences between information anal-
ysis and general text mining applications, emphasizing that topic extraction
effectiveness and topic number determination require greater attention in infor-
mation analysis work.

By combining topic similarity with perplexity, this study proposed a method for
determining optimal topic numbers, empirically demonstrating its effectiveness
in scientific literature knowledge mining. The method helps analysts extract
salient topics from massive literature and improves similarity-based recommen-
dation performance.

Limitations include validation only on scientific literature datasets without test-
ing on other data types (e.g., microblog posts, XML documents). Additionally,
evaluation was limited to topic extraction effectiveness and recommendation
performance; further validation across broader dimensions is needed to estab-
lish general effectiveness. Expanding validation scope and evaluation metrics
represents future work.
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