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Abstract

[B8/EX] To address the issue that automatic selection of domain-specific stop
words in patent text topic modeling has not been adequately studied, this paper
proposes a novel automatic method for selecting domain stop words for patent
text topic model analysis, thereby improving the discriminability and modeling
quality of patent topic models.

[53%/33%8] Domain stop words are essentially terms with relatively low informa-
tion content and poor discriminative power across different categories of patent
texts. Therefore, an auxiliary patent text corpus is introduced, category entropy
is utilized to measure the distribution of terms, and terms are then ranked ac-
cording to their category entropy. Those with the highest category entropy are
selected as domain stop words.

[#58 /453¢] Experiments on patent text data validate the feasibility and effective-
ness of the proposed method, which can effectively enhance the discriminability
of patent topic models.
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Abstract

[Purpose/Significance] To address the insufficient research on automatic se-
lection of domain-specific stop words in patent text topic modeling, this paper
proposes a novel method for automatically selecting domain-specific stop words
for patent text topic model analysis, aiming to improve the differentiation and
modeling quality of patent topic models.

[Method/Process] Domain-specific stop words are essentially words with low
information content and low discriminative power across different categories of
patent texts. Therefore, this study introduces an auxiliary patent text set and
uses category entropy to measure word distribution, then selects words with the
maximum category entropy as domain-specific stop words based on this ranking.

[Result/Conclusion] Experiments on patent text data verify the feasibility
and effectiveness of the proposed method, which can effectively improve the
differentiation of patent topic models.
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1 Introduction

Effective patent text analysis can identify technological hotspots, recognize core
technologies, and predict technological development trends, helping researchers
gain inspiration and thereby shortening innovation cycles and reducing costs.
Consequently, patent text analysis holds significant research importance. Tra-
ditional patent text analysis methods typically use words directly from patent
texts as topics or concepts for modeling and analyzing technological domain
status [?]. However, as protected documents, patent applicants often employ
vague or abstract expressions to broaden protection scope and increase grant
probability. Therefore, understanding patent texts at the latent semantic level
yields better analysis results.

Unlike traditional text analysis methods, topic models analyze the probability
distribution of word co-occurrence in text collections to mine latent semantic
information and have achieved good results in text analysis. As topic models
matured, researchers began applying them to patent text analysis to reveal
deep-level knowledge structures [?]. Although topic models effectively mine
latent semantic information in patent texts, the learned topic distributions tend
to skew toward high-frequency words during training. These are typically stop
words with high frequency but little meaning, such as Chinese particles “89”
(de) and “2” (shi), or English words “of” and “the”. During iterative topic
model generation, these words frequently appear across multiple topics, causing
topic distributions to fluctuate, increasing similarity between topics, slowing
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convergence, and negatively impacting results [?]. To avoid this, stop word lists
are typically used to pre-remove stop words before building patent text topic
models. However, this method cannot completely filter out semantically poor
words.

Stop words include both general stop words and domain-specific stop words.
The former are standard common-domain stop words, while the latter are words
with minimal discriminative power in specific domains. In patent text analysis,
words like “753%” (method), “B&” (include), and “%BR” (invention) frequently
appear but contain little information and have low discriminative power, poorly
representing semantic information. Some patent text topic model studies use
manual methods or word frequency and document frequency to select domain
stop words [?, ?]. However, frequency-based selection may include useful domain
terms. For example, in 3D printing patent analysis, the word “$TEI#l” (printer)
appears frequently but has research value and should not be simply removed as
a domain stop word.

Domain-specific stop words in Chinese patent texts have unique characteristics.
Domain-general words typically are topic-independent and uniformly appear
across multiple patent categories. For instance, “A3%”, “B%&”, and “%8” re-
peatedly appear across chemical, mechanical, physical, and electrical patent
categories. Conversely, patent terms containing core domain knowledge appear
frequently only in specific categories and rarely or never in others. Therefore,
this paper introduces an auxiliary patent text set containing multiple categories,
proposes the concept of category entropy to measure word distribution, and au-
tomatically selects domain stop words to improve differentiation and modeling
quality of patent text topic models.

Additionally, researchers have attempted other methods for automatic domain
stop word selection. T.W. Lo et al. [?] proposed a random sampling method
for information retrieval, suggesting the most effective stop word list combines
classic lists with automatically extracted words. L. Hao et al. [?] proposed
an x2-statistic method to generate domain stop words for furniture queries in
e-commerce. M.P. Sinka and D.W. Corne [?] proposed word entropy using clus-
tering and random retrieval algorithms. M. Jungiewicz and M. Lopuszynski [?]
developed an unsupervised method based on the observation that stop word dis-
tributions typically follow random variable models (e.g., Poisson distribution).
M. Makrehchi and M.S. Kamel [?] proposed backward filtering performance and
data sparsity index concepts. Gu Yijun et al. [?] calculated joint entropy based
on word probabilities within sentences and across the corpus. Gong Zheng and
Guan Gaowa [?] used joint entropy for Mongolian stop words. Zhu Jie and Li
Tianrui [?] studied Tibetan stop word selection. However, these methods are
not suitable for patent text processing due to its unique characteristics.
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2 Related Research

Stop words are considered words without semantic information or discriminative
power. They constitute most of text data and create significant interference
in text analysis, carrying little information while suppressing other words and
greatly affecting processing efficiency and accuracy. Stop word removal is widely
used in text analysis. W. Frakes et al. [?] found that eliminating high-frequency
words early in automatic indexing could improve retrieval speed and reduce
storage without decreasing accuracy. C. Silva [?] verified that SVM-based text
classifiers improved accuracy after stop word removal. Guan Qin [?] evaluated
different Chinese stop word lists and found they significantly impact clustering
accuracy, making appropriate list selection crucial. In summary, stop word
selection critically affects text analysis results, and removal is an important
preprocessing step.

Stop words can be divided into general and domain-specific categories. Domain
stop words vary by domain and dataset. For example, “%#3” (learning) may be a
domain stop word in education but not in computer science. Domain stop words
have been applied in human resources [?], bioinformatics and gene ontology [?],
information retrieval [?], and e-commerce [?]. Selection is typically manual, but
automatic selection is more flexible and promising. However, designing efficient
automatic selection algorithms is challenging. Common approaches use term
frequency (TF) or document frequency (DF). TF-based selection assumes words
appearing frequently in a collection are domain stop words. DF calculates how
many documents contain a word, assuming words appearing in many documents
lack discriminative power.

3 LDA Topic Model

LDA (Latent Dirichlet Allocation) [?] is a commonly used topic model that has
become a research focus due to its simple parameters and lack of overfitting.
This paper uses LDA for patent text modeling. LDA is a three-layer Bayesian
probability model consisting of words, topics, and documents. It assumes each
document contains several latent topics, and each topic contains specific words.
The relationship between documents and words is reflected through latent top-
ics, which are independent and shared across all documents, with each document
having a specific topic distribution.

The model typically uses Gibbs sampling to estimate topic posterior distribu-
tions, calculated as:
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where z;; represents the topic variable for word w; in document d;; —ij indicates
excluding word w; from document d;; n,;; counts how many times word w; in
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document d; is assigned to topic k; () denotes summation across corresponding
dimensions (word, document, topic); S is the Dirichlet prior for words; « is
the Dirichlet prior for topics; K is the number of topics; and V is the total
vocabulary size.

Once topic assignments for each word are obtained, posterior estimates for 6
and ¢ in LDA are calculated as:
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where 6, is the probability that document d; contains topic k, and ¢y, is the
probability of word w;, in topic k.

4 Automatic Selection of Domain-Specific Stop Words

Compared with patent terms, domain stop words in patents typically have cate-
gory independence and appear uniformly across categories. Conversely, patent
terms containing core domain knowledge appear frequently only in specific cate-
gories. Therefore, this paper introduces an auxiliary patent text set containing
multiple categories to identify domain stop words. Domain stop words typically
appear uniformly both between and within categories, and this distribution can
be measured using information entropy—a key concept in information theory
that measures uncertainty. When words are unevenly distributed across texts,
they provide more information and have stronger discriminative ability. This
unevenness can be measured by word entropy.

Specifically, this paper introduces an auxiliary patent text set with categories
C1yCqy ..., Cp,, €ach containing relevant patent documents. The distribution of

» - mo

word w, across different categories is called between-category entropy (EBC),
calculated as:

EBC(w;) = - 3 W), W)

=1 df(w;) df(w;)

where EBC(w;) is the between-category entropy of word w;; df(w;,c,) is the
document frequency of w; in category ¢,; and df(w;) = Z:; df(w;,c,) is the
total document frequency of w, in the auxiliary set. When a word appears
only in documents of a single category, FBC' is minimized; when uniformly
distributed across all categories, EBC reaches its maximum.
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Similarly, within-category entropy (EIC) measures word distribution within
category c;:

tHw. . d-
EIC(w, Z 4;) 7 los flwi, d;)

d. €Cy f wuct tf(wiact)

where ET1C(w;,c,) is the within-category entropy; tf(w,, d;) is term frequency
of w; in document d; tf(w;,c,) = Zd e, tf(w;,d;) is total term frequency in

category ¢,; and |c,| is the number of documents in ¢;. More uniform distribution
within a category yields higher FIC values.

Combining EBC and EIC, category entropy (EC) measures overall word dis-
tribution across categories:

EC(w;) = EBC(w ZEICwl,ct)

t=1

Higher EC values indicate more uniform distribution both within and between
categories, making the word more likely to be a domain-specific stop word in
patent texts.

5 Experiments
5.1 Dataset and Experimental Settings

To validate the proposed method, experiments were conducted on 3D printing
and intelligent speech-related patent texts. 3D printing is an emerging manu-
facturing technology that has attracted widespread attention for revolutionizing
traditional manufacturing. Intelligent speech represents a new human-computer
interaction mode that has developed rapidly with mobile internet, deep learn-
ing, and big data. Patents were retrieved from the China National Intellec-
tual Property Administration database using search queries: “3D printing OR
rapid prototyping OR additive manufacturing OR three-dimensional printing
OR incremental manufacturing OR digital manufacturing OR intelligent man-
ufacturing” and “intelligent speech OR speech recognition OR speech synthesis
OR natural language understanding OR speech interaction OR speech technol-
ogy OR speech control” for the period 2013-2017 (retrieved August 1, 2017).
After cleaning and deduplication, 7,790 3D printing patents and 5,272 intelli-
gent speech patents were collected as target sets. Additionally, 2,000 patents
were randomly sampled from each IPC class (A-H) as an auxiliary set. Dataset
statistics are shown in Table 1 .

The ICTCLAS segmentation system was used for word segmentation, with the
Harbin Institute of Technology stop word list removing general stop words.
LDA parameters were set as a« = 50/K, § = 0.01, with 2,000 Gibbs sampling
iterations (saving every 1,000). Optimal topic numbers K were selected via
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perplexity with five-fold cross-validation, yielding K = 15 for 3D printing and
K =10 for intelligent speech.
5.2 Evaluation Metrics

Average KL distance measures topic differentiation. The symmetric Jensen-
Shannon distance between topics is:

KL(¢i; ¢;) + KL(¢, ¢;)
2

JS((bza ¢J> =

where K L(¢;[|¢;) = 21‘;/:1 $iy l0g ij” Average KL distance is:
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To compare across different vocabularies after stop word removal, normalized
average KL distance is used:

avg KL = log, (avg_KL/V)

where V is vocabulary size. Larger avg KL indicates better topic distinguisha-
bility.

5.3 Experimental Results

5.3.1 Determining Domain Stop Word Selection Threshold Using the
auxiliary set, words’ category entropy was calculated after segmentation and
general stop word removal. Table 2 shows the top 20 words with highest cat-
egory entropy. These words appear across all patent categories, are unrelated
to specific patent topics, contain little semantic information, and can serve as
domain stop words.

Thresholds of 120, 130, 140, 150, 160, and 170 were tested. Words exceed-
ing the threshold were removed as domain stop words, and topic models were
built. Results in Figure 1 [Figure 1: see original paper| show that at threshold
150, both datasets achieve maximum avg_ KL values, indicating optimal topic
differentiation. Therefore, threshold 150 was used in subsequent experiments.

5.3.2 Comparison of Different Domain Stop Word Methods Three
methods were compared: (1) TF: selecting highest frequency words; (2) DF:
selecting highest document frequency words; (3) EC: the proposed category
entropy method. Corresponding models are named TF-LDA, DF-LDA, and
EC-LDA. Baseline models without any stop word removal (LDA) and with only
general stop words (Gen-LDA) were also compared.
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Table 3 shows that: (1) Gen-LDA outperforms LDA, confirming general stop
word removal improves topic differentiation; (2) TF-LDA outperforms LDA,
showing appropriate high-frequency word removal helps; (3) DF-LDA outper-
forms TF-LDA, indicating document frequency is better than term frequency
for patent texts; (4) EC-LDA achieves the highest average KL distance on both
datasets, demonstrating that using auxiliary patent sets and category entropy
most accurately measures word distribution and information content, yielding
best performance.

Table 4 lists top 20 TF and DF words, with domain stop words in bold. Be-
sides low-information words like “&B3” (invention) and “&4#&” (include), TF and
DF also include domain terms like “#TER” (print), “3D”, “B&” (speech), and
“#H” (module), which should not be removed. This explains why DF-LDA
performs only slightly better than Gen-LDA—some content-bearing words were
incorrectly removed.

5.3.3 Patent Topic Word Comparison Table 5 and Table 6 compare top 5
words per topic from Gen-LDA and EC-LDA models. Gen-LDA results contain
many low-meaning words like “£B88”, “A3&”, “#A”, and “@831F” (bolded). EC-
LDA automatically selects low-information, low-discrimination words as domain
stop words, producing more coherent and understandable topics.

6 Conclusion

This paper addresses the lack of research on automatic domain stop word selec-
tion for patent text topic modeling. Based on patent literature characteristics,
we introduce auxiliary patent sets and propose category entropy to measure
word distribution for automatic domain stop word selection, improving patent
topic model differentiation and quality. Experiments demonstrate that the pro-
posed category entropy method better captures word distribution characteris-
tics than traditional TF/DF methods, building better patent topic models with
increased inter-topic distances and distinguishability.
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Abstract: [Purpose/significance] Because research on automatic selection of
domain-specific stop words in patent text topic model is insufficient, this paper
proposes a new method of automatic selection of domain-specific stop words,
for patent text topic model analysis, in order to improve the differentiation and
modeling quality of patent topic model. [Method/process| In essence, domain-
specific stop words are less important words which contain relatively less infor-
mation, such words are poorly differentiated in different kinds of patent. There-
fore, this paper introduced the auxiliary multi-category patent text dataset and
measured the distributions of words through the category entropy. Then, ac-
cording to the category entropy of words. It chose some words that have the max-
imum category entropy as the domain-specific stopwords. [Result/conclusion]
Experimental results show the feasibility and validity of the method proposed
in this paper, which can improve the differentiation and quality of topic model
for patent text analysis.

Keywords: patent text, topic model, domain-specific stopword, automatic se-
lection

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv — Machine translation. Verify with original.
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