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Abstract
[Purpose/Significance] This study systematically reviews and summarizes re-
search on machine learning-based automatic term extraction, providing a refer-
ence for researchers and practitioners in the field.

[Method/Process] Utilizing the analytical tools of CNKI and EndNote, biblio-
metric methods were employed to conduct a macro-level analysis of annual
trends and core institutions related to the topic. Subsequently, a thematic
content analysis was performed from three perspectives: extraction techniques
and methods, datasets and evaluation, and applications.

[Results/Conclusion] In recent years, term extraction research has made sig-
nificant progress and constitutes foundational work in domains such as knowl-
edge systems, natural language processing, and information analysis. With the
rapid development of natural language processing, extraction technologies have
begun to evolve toward deep learning. However, the fundamental theoretical
framework of term extraction remains to be improved, particularly regarding
evaluation metrics, corpus selection, and effectiveness evaluation methods.
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Abstract:
[Purpose/Significance] This paper aims to review and summarize relevant
research on automatic term extraction based on machine learning, providing a
reference for researchers in the field. [Method/Process] Building upon the
analytical tools of CNKI and EndNote, we applied bibliometric methods to con-
duct a macro-level analysis of annual trends and core institutions for the topic,
followed by thematic content analysis from three perspectives: extraction tech-
niques, datasets and evaluation, and applications. [Result/Conclusion] In
recent years, term extraction research has made significant progress and consti-
tutes fundamental work in knowledge systems, natural language processing, and
information analysis. With the rapid development of natural language process-
ing, extraction technologies have begun to evolve toward deep learning, though
the basic theoretical framework of term extraction still requires improvement,
particularly regarding evaluation metrics, corpus selection, and effectiveness
evaluation methods.

Keywords: term extraction; machine learning; knowledge organization; biblio-
metrics

Classification Number: G250
DOI: 10.13266/j.issn.0252-3116.2020.14.010

With the development of the semantic web, the scope of knowledge content
transformation has gradually expanded and accelerated. Multi-channel, multi-
format, and linked data heterogeneity in knowledge carriers has become the
norm, while user groups increasingly desire effective access to knowledge con-
tent. The semantic web is founded on knowledge organization, attempting to
achieve semantic interoperability between knowledge units. Taxonomies, on-
tologies, and knowledge graphs play crucial roles in the semantic web, revealing
the connotative semantics between knowledge units, mining extensional asso-
ciations, enabling data knowledgefication, knowledge ordering, and knowledge
servitization, ultimately allowing knowledge to be effectively utilized, dissemi-
nated, shared, and enhanced. Terms are linguistic designations of concepts in
specific professional fields. Knowledge-intensive systems require large quantities
of accurate, standardized terms to describe domain knowledge. In the era of big
data, where domain texts, vocabularies, and concepts continue to grow, manu-
ally constructing, maintaining, revising, indexing, and describing domain core
terms has become a labor-intensive task. Consequently, automatic term extrac-
tion (ATE) has emerged as a primary task and foundational work for automatic
domain term acquisition research.

Automatic term extraction remains an unresolved problem. Over the years,
scholars have developed new methods to meet the growing demands of industry,
government archives, and digital libraries for automatic classification and index-
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ing of professional documents. These methods typically combine linguistic rules
and statistical information: first using language processors to extract candidate
terms (e.g., nouns, noun phrases, or n-grams), then applying statistical methods
to score candidates based on locally and globally collected features, and finally
ranking scored candidates for subsequent selection and filtering. While existing
methods have achieved good extraction results, they suffer from two limitations:
(1) As is well known, developing a universal “one-size-fits-all”method for any
domain is unrealistic. Research shows that the best-performing ATE methods
vary by domain and dataset, with potentially significant differences in accuracy
across different approaches. (2) Current state-of-the-art techniques typically uti-
lize statistical features such as term frequency to score candidates, neglecting
the role of semantic relatedness.

In recent years, machine learning has developed rapidly in the term extrac-
tion domain, with its academic value and application prospects continuously
explored and exploited, yielding many excellent achievements from theory and
models to algorithms and practical applications. By automatically learning opti-
mal combinations of features and cut-off points, machine learning can effectively
combine features with broad applicability. Faced with growing and increasingly
complex domain data, deep learning—a branch of machine learning—may be a
more suitable choice. Term extraction is a complex and challenging task, and
the integration of machine learning algorithms has further improved extraction
effectiveness and quality, though there remains room for improvement in gener-
alizability and performance. Based on the connection between term extraction
and machine learning, this paper conducts a statistical and quantitative analysis
of research progress and application status in this field, providing a reference
for relevant researchers.

2 Quantitative Analysis of Relevant Literature
Automatic term extraction research has a history of over 20 years. As early as
the 1990s, foreign researchers developed a batch of operational term extraction
systems, such as the FASTER system and the Terms system, serving informa-
tion organization and retrieval, text processing, and domain knowledge discov-
ery, organization, and application. Chinese term extraction research started
later, primarily improving existing methods based on foreign research while
incorporating Chinese language characteristics. Currently, many term service
platforms and tools exist, such as the Chinese Thesaurus Service System of
the Institute of Scientific and Technical Information of China, the Terminol-
ogy Knowledge Service Platform Termonline of the China National Committee
for Terms in Sciences and Technologies, CNKI’s knowledge element retrieval,
OCLC Terminology Services, and SketchEngine.

As literature information resources continue to grow, to comprehensively obtain
relevant literature on term extraction research, this paper primarily used CNKI
and VIP as Chinese retrieval platforms, selecting“term extraction, term recog-
nition, term acquisition”as primary subject terms for thematic retrieval, then
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performing a secondary search using “machine learning, deep learning, neural
network, supervised learning, semi-supervised learning, unsupervised learning,
conditional random field, support vector machine, maximum entropy, hidden
Markov model”as search terms, yielding 290 and 126 documents respectively.
After screening by title, abstract, and keywords and removing duplicates, 96
relevant Chinese documents were obtained. For foreign literature, we used the
advanced search function of the Web of Science Core Collection database with
the following search formula: TS=(“term extraction”OR“term recognition”OR
“terminology extraction”OR“terminology recognition”OR“term identification”
OR “terminology identification”) AND ALL=(“machine learning”OR “deep
learning”OR “neural network”OR “conditional random fields”OR “Support
Vector Machine”OR “supervised learning”OR “unsupervised learning”OR
“Maximum Entropy”OR “Hidden Markov Model”). Among the 79 retrieved
documents, 73 relevant papers were selected after screening.

Considering data availability and research quality, this paper combined the
collected Chinese and foreign literature and adopted bibliometric and content
analysis methods to analyze the research questions. First, we used CNKI’s data
analysis function and EndNote’s Subject Bibliography analysis function to ob-
tain relevant statistical data. Then, we used Excel to analyze annual trends
and core research institutions across the total of 169 documents to achieve a
macro-level understanding of relevant research. Subsequently, we delved into
the literature content and, combined with statistical data, conducted thematic
content analysis of machine learning-based term extraction research from three
aspects: extraction techniques, datasets and evaluation, and applications.

2.1 Annual Trend Analysis

Automatic term extraction research began in the 1990s. P. Marshall et al. [5]
published the earliest conference paper, “Working towards connectionist mod-
eling of term formation,”which continued research on connectionist approaches
to term recognition and proposed a method using competitive network tech-
niques (winner-take-all algorithms) for automatic term recognition. In Chinese
research, Chen Wenliang et al. [7] applied the Bootstrapping machine learning
algorithm in 2003 to automatically extract domain vocabulary from large-scale
unannotated real corpora. Machine learning-based term extraction research en-
tered a growth phase starting in 2007, followed by a stable period between 2009
and 2013 with an average annual publication rate of about 10 papers. Dur-
ing this period, conditional random fields, support vector machines, domain
ontologies, and patent analysis became keywords in term extraction research.
Around 2012, deep learning and big data entered rapid development phases,
driving advancements in information extraction research such as named entity
recognition, keyword extraction, and relation extraction. As one direction of in-
formation extraction research, term extraction was also influenced and entered
another growth phase starting in 2014. Literature published in the last three
years primarily explores the application of neural networks or deep learning
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in term extraction research, which to some extent confirms the upward trend
shown in Figure 1 [Figure 1: see original paper].

2.2 Core Research Institution Analysis

Research institutions are specialized organizations conducting disciplinary re-
search. Analyzing institutions can reveal the institutional distribution of re-
search directions and help researchers identify sources for academic tracking. By
statistically analyzing and deduplicating institutions across the 169 Chinese and
English documents, Figure 2 [Figure 2: see original paper] lists 14 major insti-
tutions (not excluding co-authorship) with more than 3 publications. Shenyang
Aerospace University (formerly Shenyang Institute of Aeronautical Engineering)
ranks first with 12 publications, followed by Nanjing University with 10. The
highest-publishing foreign institution is the University of Manchester, also the
only foreign institution with more than 3 publications. Investigation of foreign
term extraction research found that it focuses more on applications, embedded
in research on ontologies, knowledge graphs, knowledge systems, and natural
language processing. In contrast, Chinese institution research themes are rela-
tively singular and concentrated, focusing more on improving existing technical
methods’performance in Chinese, particularly in medical and patent domains,
with less application research across different domains.

The 14 institutions collectively published 70 papers, accounting for 42% of the
total, showing clear advantages over other research units, especially Shenyang
Aerospace University and Nanjing University, which should be key focus insti-
tutions for researchers to track. However, these 14 institutions represent a very
small proportion of the overall landscape, indicating that the term extraction
field still lacks high-productivity, outstanding research institutions.

3 Thematic Analysis
Thematic analysis can reflect the research level and overall status of a field,
revealing its current state, hotspots, and development trends. Building on
the macro-level analysis results above, we conducted thematic analysis of
term extraction-related papers from three main aspects: extraction techniques,
datasets and evaluation, and applications.

3.1 Analysis of Extraction Techniques

Traditional term extraction methods include linguistics-based, statistics-based,
and multi-strategy hybrid approaches. Linguistics-based methods [8-9] often
rely on manual shallow syntactic analysis or domain dictionary construction
rules for term extraction, depending on specific languages, domain dictionaries,
annotated data, and other prerequisite resources. These suffer from difficulties
in rule maintenance and updates, limited application scope, poor scalability and
portability, and particularly poor recognition of unregistered terms, resulting
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in low precision and recall rates that prevent large-scale application. Statistics-
based methods [10-11] utilize distribution statistical properties of terms in do-
main text corpora, identifying character sequences meeting thresholds or condi-
tions as domain terms using common metrics such as TF-IDF, information en-
tropy, mutual information, and log-likelihood. However, these methods involve
large computational costs, easily miss low-frequency terms, and neglect or lack
contextual semantic analysis. Different methods can be integrated to combine
multiple strategies for improved extraction performance. Based on statistical
and linguistic methods, K. T. Frantzi et al. [12] proposed the C-value/NC-value
method, which pioneered hybrid strategy research by first using rule templates
to obtain candidate term sets, then applying statistical features for filtering. Ad-
ditionally, Zhou Lang et al. [13] combined substring merging, collocation testing,
and domain relevance calculation techniques to improve Chinese phrase-type
term extraction system performance.

Traditional term extraction methods can achieve good performance on specific
corpora but become increasingly cumbersome against multi-source heteroge-
neous data and domain intersections. To overcome these limitations, most sub-
sequent research began migrating named entity recognition methods to term ex-
traction research, primarily adopting semi-supervised and supervised hybrid ma-
chine learning algorithms and their variants. These focus on semi-automatically
or automatically obtaining domain-dependent attributes, specialized text fea-
tures, and contextual semantic information from domain texts to address the
aforementioned problems [14].

To analyze machine learning techniques in automatic term extraction, we statis-
tically analyzed keywords from relevant literature. Keywords are highly refined
representations of research content. We primarily performed synonym merg-
ing (e.g., “CRF”and “conditional random field”), removed high-frequency
keywords unhelpful for thematic research (e.g., “domain term,”“word segmen-
tation,”“research method”), and eliminated overly broad subject terms (e.g.,
“term extraction,”“machine learning”). Table 1 shows Chinese and English
keywords appearing four or more times across the 169 documents. From both
Chinese and English keywords,“conditional random field,”“support vector ma-
chine,”“neural network,”and“deep learning”appear more than four times, with
conditional random fields appearing 53 times total and“deep learning”appearing
23 times, representing frequently applied term extraction techniques in recent
years. Based on keyword distribution and considering extraction technique char-
acteristics and development timelines, we categorized extraction methods into
statistical machine learning methods and deep neural network methods.

3.1.1 Statistical Machine Learning Methods With the rapid devel-
opment of machine learning in natural language processing, term extraction
research has gradually shifted toward this active area. Statistical machine
learning-based term extraction research can be summarized in three directions:
model selection, method improvement, and multi-strategy fusion.
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(1) Model Selection. Machine learning-based term extraction methods are
fundamentally classification approaches that follow two strategies: first identify-
ing term boundaries then classifying, or transforming the problem into sequence
labeling.

Classification models are typical statistical learning models in supervised learn-
ing, primarily learning classification model weights and parameters from an-
notated training data to predict new sample categories. P. Lopez et al. [15]
compared multiple classification methods for extracting terms from scientific
documents: decision trees, support vector machines, and multilayer perceptrons.
Zhao Xin [16] utilized large quantities of existing terms to train a term classifier
using a maximum entropy model. M. Shirakawa et al. [17] proposed an extended
naive Bayes model to extract key terms from texts for classifying noisy short
texts. W. Zeng et al. [18] used SVM for term extraction from new energy vehi-
cle domain patents and literature, with experimental results confirming machine
learning’s effectiveness in term extraction. Table 2 summarizes the functions
and characteristics of classification algorithms used for term extraction, which
have also achieved great success in natural language processing fields such as
text classification, speech recognition, and image understanding.

Sequence labeling models can solve common natural language problems includ-
ing part-of-speech tagging, named entity recognition, and semantic role labeling.
Unlike general classification models, sequence labeling models treat text as a se-
quence, using labeling methods such as BIO, BIEO, and BMEO for term recog-
nition, representing a highly effective current approach. Table 3 introduces two
commonly used sequence labeling models in term extraction: Hidden Markov
Model (HMM) and Conditional Random Field (CRF). H. S. Pan et al. [19]
proposed using HMM to extract new terms from academic literature for Chi-
nese lexicon construction. Cen Yonghua et al. [20] applied HMM to computer
domain corpora, achieving an F-value of 89.75%. Compared with HMM, CRF
offers greater advantages, avoiding label bias problems. Zhang Chengzhi [21]
proposed an integrated term extraction strategy based on CRF. D. Zheng et
al. [22] used discrete term features as CRF template attributes, adjusting fea-
ture templates from multiple perspectives including word itself, word position in
compound terms, text semantic information, information entropy, and TF/IDF,
achieving good results in domain term recognition.

(2) Method Improvement. Machine learning has achieved rapid success in
term extraction research. To design better-performing term extraction methods,
researchers have improved existing models to enhance recognition effectiveness
and computational efficiency, such as Q. Zhan et al.’s [23] cascaded condi-
tional random field model. Improvement research is more common in Chinese
term extraction because classical models mostly target English and cannot be
directly applied to Chinese. Adjusting and optimizing classical models can more
effectively recognize terms in Chinese texts.

A problem with statistical machine learning methods is their reliance on domain-
specific feature engineering. To improve algorithm accuracy, expert knowledge
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(experience) and“luck”are required—that is, the process of manual feature selec-
tion is random and uncontrollable, making large-scale popularization difficult.
Therefore, another approach to improving term extraction effectiveness is se-
lecting better feature representations [24]. Common features in term extraction
tasks include morphological, lexical, and syntactic information. Morphological
features include word forms and affixes, while lexical and syntactic features in-
clude word length, part-of-speech, shallow syntactic parsing, and dependency
parsing. Considering Chinese particularities, character-level features such as
radicals and strokes are also used to assist term extraction. Meanwhile, var-
ious external knowledge sources like dictionaries, Wikipedia, synonym forests,
HowNet, and CN-Probase can improve recognition performance.

(3) Mixed Strategy. Mixed strategy methods can effectively reduce com-
putational complexity while fully utilizing contextual semantic information for
domain text analysis, improving recognition performance to some extent. C. Y.
Chi et al. [25] combined one-hot encoded Brown clustering with HMM for un-
supervised learning on unlabeled corpora. Additionally, Huang Han et al. [26]
proposed a CRF model combined with active learning, iteratively improving
classifier efficiency to achieve precision and recall rates above 90%.

3.1.2 Deep Neural Network Methods Since 2012, the surge in deep neu-
ral networks and deep learning development has achieved fruitful results in
speech recognition, image recognition, and computer vision. Particularly, word
embedding-based semantic representation methods such as Word2Vec, fastText,
GloVe, ELMo, BERT, and XLNet have solved data sparsity problems caused
by high-dimensional vector spaces. These methods can use word embeddings to
obtain feature representations rich in semantic information from heterogeneous
texts, injecting strong development momentum into domain-specific term extrac-
tion. The advantage of deep learning is its ability to use various deep neural
network models or algorithms to automatically learn features from domain texts,
avoiding heavy and time-consuming feature engineering. The feature learning
process is independent of manual, domain, and language factors, thus offering
strong portability, reusability, and scalability [14].

To address over-reliance on feature engineering and poor generalization perfor-
mance on complex problems in existing machine learning methods, recent re-
search has begun exploring term extraction based on deep neural network meth-
ods. R. Chalapathy et al. [27] found that traditional machine learning methods
heavily depend on manual features and domain-specific resources, proposing a
BLSTM-CRF model to extract medical concepts from clinical data, achieving
better results than HMM, CRF, and other ATE algorithms. R. Wang et al. [28]
introduced a weakly supervised bootstrapping method using two deep learning
classifiers for term extraction, effectively alleviating problems of manual feature
selection and lack of labeled data.

With continuous deep learning development, researchers have proposed opti-
mization mechanisms. The attention mechanism essentially simulates human
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brain focus characteristics that concentrate attention on specific key items while
ignoring non-critical items at particular moments. Ma Jianhong et al. [29] pro-
posed a BLSTM-CRF domain term extraction model based on the Attention
mechanism, achieving 86% precision. Transfer learning migrates labeled data
or knowledge structures from related domains to complete or improve target do-
main/task learning effectiveness. Liu Yufei et al. [30] introduced deep transfer
learning ideas, using the BiLSTM model for cross-domain migration to effec-
tively identify technical terms, solving the problem of limited patent literature
annotations. Domain knowledge is crucial for term extraction in domain-specific
corpora but difficult to obtain from limited corpora. Using domain facts derived
from knowledge bases such as Wikipedia and Baidu Baike to learn term features
through distant supervision can achieve broader coverage than existing methods
[31].

Current deep learning methods applied in term extraction are transplanted from
named entity recognition research based on domain characteristics, thus facing
the same problems of lacking large-scale standardized texts, annotated corpora,
and basic lexicons. Research results show significant improvement in extraction
accuracy, but the ideal peak has not yet been reached. On the deep learning tech-
nology foundation, improving extraction efficiency and more effectively utilizing
limited annotated data are worthwhile research directions in term extraction,
such as fine-tuning pre-trained models (BERT, XLNet) on domain corpora.

3.2 Dataset and Evaluation Analysis

3.2.1 Dataset Analysis Automatic term extraction is a fruitful research area
but still faces significant obstacles in datasets and evaluation, requiring manual
term annotation—a difficult and arduous task. The lack of clear distinction
between terms and general language leads to low inter-annotator agreement,
increasing annotation ambiguity. With the continuous development of machine
learning and deep learning methods, the demand for annotated datasets has
become increasingly urgent, not only for evaluation but also because “one of
the main problems in applying machine learning or deep learning to ATE is the
availability of reliable training data.”

Through reading and summarizing experimental sections of papers, datasets
are mainly divided into public datasets and research-specific datasets. Pub-
lic datasets are publicly available annotated datasets with broad applicability,
including GENIA, ACLRD-TEC, FAO, etc. Table 4 shows statistical informa-
tion for commonly used datasets. Among them, GENIA is the most frequently
used dataset for ATE evaluation, serving as a semantic annotation dataset for
biomedical text mining. The ACL dataset is specifically designed for ATE eval-
uation in the NLP field, based on the assumption that having a dataset allowing
NLP researchers to become domain experts themselves would be a tremendous
advantage. In addition to the datasets in the table, there are smaller public re-
sources such as TTCm and TTCw [2]. The TTCw corpus contains 103 full-text
articles on wind energy, while TTCm contains 37 full-text articles on mobile
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technology.

We found that public datasets are primarily English-based, while Chinese
research mainly constructs domain datasets manually for research purposes.
Huang Han et al. [26] used judicial documents as research objects, crawling
61,515 judicial documents from “China Judgments Online,”and after data
cleaning, manually annotated five categories of terms including charges,
penalties, legal principles, legal concepts, and legal provisions. To extract new
energy vehicle domain terms, Ma Jianhong et al. [29] manually annotated
1,126 patent texts and validated them in the CAI innovation tool. Multilingual
term extraction research is an emerging field; R. A. Terryn et al. [32] collected
corpora in three languages (English, French, and Dutch) and four domains
(corruption, dressage, heart failure, and wind energy), designing annotation
schemes. Research-specific datasets cover broad domains including finance,
military, library and information science, scientific and technical literature,
patents, and web texts.

3.2.2 Evaluation Analysis Traditional ATE evaluation methods compare
results with manual annotations, calculating precision (number of actual candi-
date terms), recall (number of correctly extracted terms), and F-value (harmonic
mean of precision and recall). For example, Huang Han et al. [26] evaluated legal
term recognition effectiveness using precision P, recall R, and F-value. These
three metrics cannot comprehensively reflect extraction quality, being closely
related to noise (incorrectly extracted terms) and silence (unextracted terms).
In addition to these metrics, receiver operating characteristic curve (ROC) is
also an evaluation method but is less common in term extraction. Since these
metrics only measure performance, some researchers argue that more compre-
hensive evaluation protocols are necessary. As early as 1996, M. C. L’Homme
et al. [33] broadly defined five pre-evaluation criteria to supplement the above
metrics. In other work, V. A. Sauron [34] proposed a quality model that cal-
culates not only precision or recall but also measures applicability, reliability,
usability, maintainability, and portability. Similarly using only P, R, and F,
Zhao Hong et al. [35] explored the impact of training corpus scale on extrac-
tion results, calculating extraction performance at 20%, 40%, 60%, and 80%
training set proportions. D. Inkpen et al. [36] considered mixing multiple evalu-
ation strategies and designed tools to facilitate comparative evaluation of ATE
systems.

3.3 Application Analysis

As shown in Table 5 , machine learning-based term extraction applications in-
clude knowledge organization, natural language processing, information analysis,
and others. In library and information science, applications mainly involve the-
saurus and ontology construction, scientific and technical information analysis,
and patent term extraction to support information system construction and
services. Term extraction is a fundamental task for data and knowledge acqui-
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sition and a preprocessing step for many complex natural language processing
tasks such as information retrieval, machine translation, text mining, relation ex-
traction, etc. Other applications refer to domain-specific term extraction tasks
based on research objectives, covering domains including finance, military, law,
medicine, commerce, and agriculture. Summarizing application situations helps
researchers understand the field’s current status, identify research directions,
and uncover research value.

3.3.1 Thesaurus Maintenance and Update In biomedicine, computer sci-
ence, natural sciences, and other fields, new terms emerge with new technolo-
gies and knowledge. To promote sharing and utilization of domain thesaurus
resources, thesaurus maintenance and updates are imperative. M. Ikeda et
al. [37] used machine learning for candidate term extraction from the perspective
of extending multiple thesauri, then added corresponding unregistered terms to
thesauri based on grammatical information. The use of thesauri and taxonomies
to obtain scientific and technical information in scientometrics has long been
of interest. T. Kawamura et al. [38] proposed using Word2Vec tools to obtain
domain-related new concepts and terms from abstracts in advanced technology
fields to extend domain thesauri and keep abreast of latest trends in various
scientific and technological activities. Song Peiyan et al. [39] studied thesaurus
construction methods under the semantic web environment, proposing the use
of machine learning methods to automatically extract terms from corpora and
literature resources to construct initial term sets. Additionally, for thesauri
such as MeSH and GeoRef Earth Science Thesaurus, machine learning-based
term extraction will play a crucial role in providing comprehensive information
retrieval services under the big data background.

3.3.2 Domain Ontology Construction Domain ontologies are explicit for-
mal specifications of shared conceptual models, using recognized term sets and
term relationships to reflect knowledge and knowledge structures within a do-
main, playing important roles in semantic information interaction and stan-
dardized information description. Terms are basic elements of domain ontology
construction, and term extraction is the most fundamental and crucial step in
ontology learning. To improve ontology construction efficiency and reduce costs,
B. Omelayenko [40] early used machine learning methods for term extraction, on-
tology merging, updating, and instance acquisition. Li Lishuang [41] proposed a
domain term extraction method combining conditional random fields and active
learning, achieving a certain degree of automation in the ontology construction
process and providing a good method for manufacturing enterprise knowledge
management modeling. To construct domain academic ontologies, Jiang Ting
[42] used a cascaded conditional random field combined with C-value and rules
to extract different term types.

3.3.3 Natural Language Processing Machine learning-based term extrac-
tion can also be applied in natural language processing. R. Gaizauskas et al. [43]
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introduced a multi-component system BiTES for automatically extracting bilin-
gual term pairs from Web sources, first extracting terms from monolingual cor-
pora automatically, then aligning extracted terms from comparable documents
or parallel corpora. G. Huang et al. [44] found that parentheses on web pages
contain substantial term translation knowledge. To improve extraction recall,
they proposed a maximum entropy-based term recognition system TermExt and
used supervised machine learning methods for machine translation of extracted
terms, achieving an 11% recall improvement over the baseline. In informa-
tion retrieval, N. T. W. Khin et al. [45] proposed a Web query classification
algorithm-based IR system including domain term extraction, Web query clas-
sification, and relevant query retrieval. The Unified Medical Language System
(UMLS) integrates over 150 medical thesauri and is widely used for retrieving
and mining Internet literature. IEEE’s top-level ontology SUMO also attempts
to integrate knowledge organization tools including thesauri to provide more
comprehensive knowledge retrieval services.

3.3.4 Information Analysis In the big data environment, information anal-
ysis for scientific and technological information monitoring and knowledge ac-
quisition has become increasingly important. Scientific and technical terms can
represent scientific and technological concepts and express core content of scien-
tific and technological data, forming an important component of scientific and
technological data information analysis. Zeng Wen et al. [46] introduced deep
learning-based scientific and technical term extraction methods and conducted
experimental analysis and conclusions on scientific and technical datasets. Zeng
Wen, Che Yao, et al. [47] proposed methods for scientific and technical big data
information analysis services from the perspective of scientific and technical big
data, designing and developing a Chinese term extraction method integrating
multiple extraction algorithms. Experiments showed this method can assist
information researchers in data processing and analysis to some extent. The-
oretical terms are fundamental for large-scale literature content analysis and
deep cross-disciplinary knowledge transfer revelation. Zhao Hong et al. [35] con-
structed a deep learning model for theoretical term extraction. Patent literature
analysis can determine domain technology hotspots, predict technology devel-
opment trends, and help researchers gain inspiration and reference, with patent
literature terms providing structured knowledge as a key component of patent
literature analysis [48-49].

Conclusion
This paper employs bibliometric analysis and content analysis to examine pa-
pers related to machine learning techniques in the Web of Science, CNKI, and
VIP databases under relevant subject terms. Through bibliometric analysis, we
conducted macro-level analysis of external characteristics of the dataset, includ-
ing annual trends and core institutions. We found that term extraction research
remains in a growth phase along with related fields’rapid development, with
academic tracking possible by following core institutions such as “Shenyang
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Aerospace University”and “Nanjing University.”Subsequently, we conducted
thematic analysis of 169 Chinese and English documents from three aspects:
extraction techniques, datasets and evaluation, and applications, reaching the
following conclusions:

(1) The introduction of statistical machine learning methods has significantly
advanced term extraction technology, but model recognition performance
heavily depends on annotated corpus quality and feature engineering. In
recent years, the deep learning boom has further promoted term extraction
research development, as deep learning can automatically learn features
and reduce dependence on domain knowledge. However, current research
results show term extraction remains far from solved and continues to be a
challenging research field. In the big data environment, machine learning
and deep learning will be the most effective term extraction methods. To
further improve model accuracy, many aspects merit consideration, such as
adopting hybrid methods, combining domain knowledge bases, and using
pre-trained models.

(2) Datasets and evaluation methods for automatic term extraction are cru-
cial for quantifying state-of-the-art performance and should include text
corpora, gold standards, and evaluation metrics. A. R. Terryn et al. [32]
provided some standard datasets and annotation strategies across several
domains and languages. Section 3.3.2 also introduced domestic and inter-
national datasets and evaluation methods, which are invaluable for cor-
rectly evaluating term extraction models. In multi-source heterogeneous
data environments, datasets and evaluation still face significant obstacles,
and the term extraction theoretical framework needs improvement, in-
cluding corpus selection, evaluation metrics, and effectiveness evaluation
methods.

(3) Machine learning-based term extraction technology is fundamental and
important work for knowledge systems, natural language processing, in-
formation analysis, and other research fields, with high practical value.
Applications are not limited to those mentioned in Section 3.3; more appli-
cations across different domains await further exploration by researchers.
Indeed, with data becoming massive, heterogeneous, and complex, ma-
chine learning and deep learning will play increasingly important roles in
term extraction.

This study has limitations, including inability to guarantee comprehensive and
accurate literature collection, errors in bibliometric analysis, and insufficient
depth in thematic and application domain analysis. We hope this research
accurately reflects the current status of machine learning-based term extraction
research and welcome criticism and corrections from experts and scholars.
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