ChinaRxiv [$X]

AT translation - View original & related papers at
chinarxiv.org/items/chinaxiv-201711.02013

Design and Postprint of an Intelligent Search
Term Extraction System for Scientific and Tech-
nical Novelty Search

Authors: Wang Peixia, Yu Hai, Chen Li, Wang Yongji
Date: 2017-11-08T00:00:00+00:00

Abstract
Abstract

Purpose: To address issues of strong subjectivity, heavy manual workload, lack
of standardization, and time-consuming, labor-intensive processes in search term
selection for scientific and technological novelty searches.

Application Background: To achieve automation, intelligence, and standard-
ization of the search term extraction process, this paper proposes utilizing real-
time relevant corpora identified during the novelty search process as a source of
domain knowledge and discusses the relationship between corpus composition
types and keyword extraction effectiveness.

Method: Intelligent extraction of search terms in the scientific and technologi-
cal novelty search domain is achieved through a progressive iterative extraction
approach that combines keyword extraction with domain feature expansion.

Results: Through comparison with search terms employed in actual novelty
search cases, it was found that extracting 10 search terms using this method
after two iterations achieved a recall rate of 80%.

Conclusion: Iterative extraction of search terms based on dynamic relevant
corpora composed of literature identified during the novelty search process fa-
cilitates rapid and accurate identification of the vast majority of search terms,
thereby improving retrieval efficiency and effectiveness.
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Abstract: [Objective] To achieve automation, intelligence, and standardiza-
tion in the search term extraction process, this paper proposes utilizing real-
time relevant corpora identified during sci-tech novelty retrieval as the source of
domain knowledge, and discusses the relationship between corpus composition
types and keyword extraction effectiveness. [Methods] We implement intelligent
search term extraction for sci-tech novelty retrieval through a progressive itera-
tive approach that combines keyword extraction with domain feature expansion.
[Results] Compared with search terms used in actual novelty retrieval cases, our
method achieves a recall rate of 80% when extracting 10 search terms after two
iterations. [Conclusions] Iterative extraction of search terms based on dynamic
relevant corpora composed of retrieved documents during the novelty search pro-
cess helps quickly and accurately identify the majority of search terms, thereby
improving retrieval efficiency.

Keywords: Sci-tech novelty retrieval; Search terms; Keyword extraction; Web
crawler
Classification Number: TP391

Sci-tech novelty retrieval is an information consulting service that verifies the
novelty of research projects through literature search, comparison, and analysis.
Based on retrieval scope, it can be categorized as domestic, foreign, or inter-
national novelty retrieval. Literature retrieval forms the foundation of sci-tech
novelty retrieval and involves constructing search queries, where the selection of
search terms plays a critical role and represents one of three key factors affect-
ing retrieval quality. Particularly in international novelty retrieval, the accuracy
of English search terms directly impacts the novelty, comprehensiveness, and
accuracy of retrieval results.

Search terms refer to substantive words that characterize the thematic content
of a novelty retrieval project—essential keywords for revealing and describing
the project’ s subject matter. Currently, domestic sci-tech novelty consulting
agencies typically use both controlled terms (subject terms) and free terms (key-
words) for literature retrieval. Controlled terms, also known as descriptors, rep-
resent standardized retrieval language derived from thesauri that normalize syn-
onyms and near-synonyms for a given concept. However, literature databases
often suffer from inconsistent indexing, and novelty search professionals must
rely on specialized thesauri or controlled vocabulary lists that remain relatively
static due to long maintenance cycles. These cannot promptly incorporate terms
representing new technologies, methods, or theories, which is problematic since
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sci-tech novelty retrieval must reflect innovation in technology, methods, and
theory. Consequently, using controlled terms may lead to missed relevant liter-
ature. Keywords (or free terms), by contrast, are indexed and retrieved from
document titles, abstracts, keywords, and even full texts, offering greater flex-
ibility without concerns about indexing standardization or thesaurus update
timeliness. They represent a crucial retrieval pathway for electronic informa-
tion resources and constitute the focus of this research.

Currently, novelty search professionals manually complete the discovery, screen-
ing, supplementation, expansion, and final selection of search terms. Based
on project materials provided by clients, they use client-supplied keywords as
references, combining scientific and technical points, novelty claims, and supple-
mentary materials to initially identify keywords matching the retrieval theme.
When necessary, they perform keyword expansion using professional thesauri,
dictionaries, terminology standards, and other reference tools, as well as re-
trieved literature, to obtain standardized names and synonyms. Additionally,
professionals conduct trial searches during retrieval, analyzing retrieved docu-
ments to evaluate search term appropriateness and make adjustments. This
process typically repeats multiple times to achieve satisfactory results.

Evidently, search term selection involves an iterative process of literature re-
trieval, document browsing, analysis, synthesis, and adjustment, requiring mul-
tiple search requests to various databases and repeated trial searches. After
each trial, retrieved documents must be analyzed to adjust search terms, with
multiple cycles needed for final determination. This process is labor-intensive,
time-consuming, and tests the patience of search professionals. Moreover, it
heavily depends on professionals’ expertise, experience, and knowledge struc-
ture, introducing strong subjectivity that is difficult to standardize, thereby
directly affecting retrieval effectiveness and novelty report quality.

To overcome these challenges—subjectivity, heavy manual workload, lack of stan-
dardization, and time consumption—this study introduces dynamic literature
corpora related to sci-tech novelty projects. Grounded in project information,
we use real-time, dynamically acquired corpora related to the novelty project
as the domain knowledge source, adopting a progressive iterative approach that
combines keyword extraction with domain feature expansion.

2.1 Automatic Keyword Extraction

Automatic keyword extraction technology finds extensive applications in litera-
ture retrieval, automatic abstracting, text clustering, and classification. In infor-
mation retrieval, effective keywords can supplement full-text indexing and help
users discover relevant documents. The automatic keyword extraction process
typically involves two steps: (1) candidate keyword identification using heuristic
rules (removing stop words; retaining only nouns, adjectives, and verbs; using
external resources like Wikipedia; N-gram methods, etc.) to extract words or
phrases as candidates; and (2) candidate keyword selection using supervised or

chinarxiv.org/items/chinaxiv-201711.02013 Machine Translation


https://chinarxiv.org/items/chinaxiv-201711.02013

ChinaRxiv [$X]

unsupervised methods to determine correct keywords.

Most research focuses on candidate selection, divided into supervised and un-
supervised approaches. Early supervised methods treated keyword extraction
as a classification problem, using annotated corpora to train models that deter-
mine whether words belong to keyword categories, employing algorithms such
as Naive Bayes, decision trees, maximum entropy, multi-layer perceptrons, and
vector space models. However, supervised methods require costly manual anno-
tation using author-provided or expert-annotated keywords. Additionally, clas-
sifiers evaluate words independently, while research shows keyword selection is
not independent—previously selected keywords influence subsequent selections.

Keyword extraction techniques fall into three categories: statistical feature-
based, topic model-based, and graph model-based methods. Statistical feature-
based methods calculate word features (term frequency, N-gram, TF-IDF, infor-
mation entropy) combined with positional markers (title, paragraph beginning,
first occurrence) to assign weights for keyword extraction. For example, some
researchers used TF-IDF scores and first occurrence position, while others in-
corporated phrase length, title appearance, distribution patterns, and frequency
extremes. Adding linguistic knowledge like noun phrase chunking and part-of-
speech tags significantly improves accuracy.

Topic model-based methods predominantly use LDA, which infers “document-
topic”and “topic-word”distributions from known “word-document”matrices. This
approach assumes words from dominant topics are more likely to be identified
as keywords. However, effectiveness depends heavily on training data topic
distributions.

Graph model-based methods, exemplified by TextRank, draw inspiration from
Google’ s PageRank. They construct word graphs where nodes represent candi-
date keywords and edges represent relationships. When two words appear within
an observation window, they establish a connection. Each connecting edge repre-
sents a “vote,”with importance determined by connected nodes through iterative
computation, ultimately selecting keywords by importance scores.

Beyond document features, keyword extraction incorporates domain knowledge
from two sources: (1) lexical resources like thesauri, internet dictionaries, ter-
minology databases, or Wikipedia, where Wikipedia entries serve as indepen-
dent concepts; and (2) corpora including domain-specific, general, and com-
parative corpora. Experiments show that documents from the same domain
significantly improve extraction effectiveness. However, domain-related corpora
require manual acquisition of large volumes, consuming substantial time and
resources. Moreover, these static corpora become outdated over time, lacking
timeliness. In scientific literature keyword extraction, some approaches use ti-
tles and keywords as seed words, employing Word2Vec on open-domain corpora
to find similar candidates, though open-domain corpora lack domain relevance
advantages. Others use comparative corpora for domain relevance calculation,
but corpus selection and size directly affect extraction results, and manual ac-
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quisition remains challenging.

2.2 Search Term Recommendation

Related research includes data mining-based search term recommendation tech-
niques, typically using rule-based, content-based, collaborative filtering, or hy-
brid methods. These systems rely on historical behavior records like search logs,
modeling user behavior to discover patterns. However, such recommendation
techniques build upon existing system operations, focusing on static data min-
ing, whereas our research emphasizes dynamic extraction from retrieved relevant
literature, representing a different focus.

2.3 Main Contributions

This study extracts search terms based on novelty project titles, keywords, sci-
entific points, novelty claims, and knowledge from retrieved literature, auto-
matically extracting domain feature words related to input search terms as
candidates. Key contributions include: (1) Using dynamic literature corpora
related to novelty projects for extraction, unlike traditional keyword extraction
targeting single documents or static corpora. Our extraction objects consist of
multiple relevant documents from novelty applications and retrieval processes,
characterized by domain relevance, large volume, rich content, and authority,
obtained through web crawlers for synchronization with data sources, ensuring
dynamic and real-time updates. (2) Emphasizing domain knowledge introduc-
tion. Traditional keyword extraction for indexing limits itself to titles, abstracts,
and full texts, while we additionally utilize author-assigned keywords, which rep-
resent basic domain concept elements with strong indicative and discriminative
power, making them crucial search term sources. (3) Our extracted candidate
search terms assist professionals in quickly identifying relevant terms, leveraging
the domain expertise inherent in author-assigned keywords to prevent missed
detection and improve recall and precision in international novelty retrieval—dis-
tinctly different from indexing-oriented extraction. (4) The extraction process is
dynamic and progressive. Traditional extraction completes in one pass, whereas
novelty retrieval term extraction is interactive and dynamic, with professionals
iteratively adjusting terms through repeated searches to achieve satisfactory
results.

Based on these characteristics, we first conduct statistical sampling of author-
assigned keywords’ distribution in titles and abstracts to analyze their rela-
tionship. Then, using retrieved corpora, we construct word graphs based on
co-occurrence relationships among titles, keywords, and abstracts, using term
frequency as association strength for candidate extraction experiments, compar-
ing contributions of the three components. Finally, we generate usable search
terms from dynamic corpora through the process shown in [Figure 2: see original
paper], implementing intelligent extraction via progressive iteration combining
keyword extraction and domain feature expansion, demonstrated through actual
cases.
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The intelligent search term extraction system for sci-tech novelty retrieval com-
prises two components: web crawler-based online literature retrieval and in-
telligent search term extraction. Since extraction depends on novelty projects
and dynamic corpora, corpus acquisition forms a crucial system component.
The system uses Spring Web MVC and Hibernate frameworks—lightweight web
and object-relational mapping frameworks respectively—with MySQL storing
collected literature information, achieving separation of data, business, and pre-
sentation layers.

3.1 Corpus Acquisition

Corpus acquisition primarily involves using web crawlers to online retrieve sci-
entific literature information identified by various databases. The process is
shown in [Figure 1: see original paper]. Web crawlers are programs that fetch
web content by analyzing webpage structures using format characteristics. In
our system, data preprocessing analyzes webpage tag structures to extract titles,
abstracts, keywords, authors, and other information for local database storage.
The system maintains search logs to address time consumption from repeated
popular queries, displaying previous crawl results for duplicate searches, and
implements deduplication to prevent redundant data collection.

3.2 Intelligent Search Term Extraction

The intelligent search term extraction process, shown in [Figure 2: see original
paper], consists of: (1) Corpus acquisition: Automatically generating search
terms from project titles, constructing queries for cross-database retrieval, and
storing retrieved literature locally; (2) Candidate extraction: Automatically ex-
tracting 10 candidate search terms from the dynamic corpus; (3) Term expan-
sion: Performing domain feature expansion on candidates to generate a search
term list; (4) Evaluation: Manually verifying if the term list meets requirements,
and if not, selecting appropriate terms to manually construct queries for repeat-
ing steps 1-3; (5) Merging: Combining terms by importance to generate a final
search term list.

4. Search Term Extraction Method

Important terms typically appear with higher probability in domain-specific
scientific literature corpora. Scientific documents feature rich structures includ-
ing titles, abstracts, and author-assigned keywords, with professional domain-
specific language. Search terms closely relate to novelty projects and often
constitute professional terminology. Leveraging domain relevance between re-
trieved corpora and novelty projects, we initially obtain domain-related corpora
using word groups from project titles to construct queries. Based on retrieved
corpora, we extract indicative keywords and perform domain-specific expansion
to generate candidate search terms. This method assumes that project titles
provide concise thematic descriptions while scientific points offer detailed de-
scriptions.
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Since titles cannot reflect all domain features, we employ multiple iterative
retrieval rounds. In subsequent iterations, professionals select terms from gener-
ated lists to construct queries for acquiring domain-related corpora. The extrac-
tion process comprises three steps: candidate term extraction from retrieved
literature, domain-specific expansion, and merging.

4.1 Candidate Search Term Extraction Corpus Analysis: Candidate
extraction uses literature information returned by databases based on received
queries. Crawlers capture titles, keywords, abstracts, and other information
as extraction objects. Scientific literature keywords are natural, uncontrolled
terms selected for indexing to represent thematic content. In bibliometrics, re-
searchers consider keywords as basic elements representing domain concepts,
used to analyze knowledge structure characteristics at macro levels or examine
research topic details and relationships at micro levels using “important” words.
Thus, keywords essentially reflect domain knowledge structure and thematic
characteristics, serving as domain feature words with strong indicative and dis-
criminative power in specific fields—making them crucial sources for high-quality
search terms.

To observe keyword distribution in titles and abstracts, we conducted sampling
statistics based on CNKI and Wanfang databases, with results shown in [Figure
3: see original paper]. Here, we use average ratio avg(t) = [in(t)| / [t|, where
in(t) represents the number of keywords appearing in titles, abstracts, or their
combination, and |t| represents total keyword count. The analysis reveals that
approximately 50% of keywords appear in titles, while abstracts contain more
keywords—especially in CNKI, with average rates exceeding 80%. The com-
bination of titles and abstracts achieves over 80% keyword coverage, making
author-assigned keywords a vital candidate source.

To compare extraction effectiveness from titles, keywords, and abstracts, we
conducted experiments using each component separately and in combination.
Improved TextRank Candidate Extraction: Classic TextRank represents
a document as an undirected graph where nodes are words and edges connect
any two words within a given text window. A node’s importance score consists of
contributions from neighboring nodes, calculated via PageRank methods, with
equal association strength between adjacent words. However, in sci-tech novelty
retrieval, retrieved literature volumes are typically large, with documents inter-
connected through search terms. Words with higher frequency reflect thematic
tendencies. Therefore, we improve classic TextRank (denoted MF__ {TR}) using
term frequency as an importance factor, with the importance transfer matrix
also based on term frequency. The importance score calculation formula is:

Score(i) = (1—d)+d x Z 210)

—=—>——score(j)
jeset(i) Z:keset(j) tf (k)

where set (i) represents co-occurring words of term i, and tf(i) is term frequency.
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Each word’s importance score is computed via this formula, sorted in descending
order, with the top 10 high-importance words selected as candidate search terms.

4.2 Candidate Search Term Expansion We expand obtained keywords us-
ing domain features from retrieved literature keywords or abstracts. Since most
Chinese POS tagging systems train on news corpora where scientific terms rarely
appear, and segmentation systems may incorrectly split professional terms (for
instance, the complete term ‘Ixodes persulcatus’ might be erroneously seg-
mented as just the partial fragment representing the first part of the full term),
we correct such errors by searching the retrieved keyword set for domain feature
keywords containing each extracted keyword. If found, they become candi-
date search terms with calculated importance scores. Considering abstracts as
summarizing descriptions, we use candidate term frequency in abstracts as an
importance adjustment factor, combined with phrase characteristics (Formula
(3)) to calculate final importance scores (Formula (4)):

GDC(T) = |T| x log Z%
teT

DGDC(T) = tf(T) x GDC(T)

where T is a candidate search term, |T| represents the number of words (not
characters) it contains, N is the number of retrieved documents, and tf(T) is can-
didate term frequency in descriptive text (abstract or full text). For cases where
T appears zero times, we assign a specific initial value of 0.1F, meaning that
even if T has high phrase characteristics as a domain keyword, its final domain
importance score will be lowered if absent from descriptive text. In practice,
tf(T) serves as a weighting factor regulating the final domain importance score.

4.3 Search Term Merging Since retrieved literature significantly influences
search terms, the above steps can be repeated. Except for the first automatic
query generation, subsequent iterations involve manual query construction using
terms from generated lists or project keywords. Finally, expanded term sets are
sorted by importance, with the top 10 selected as final search terms.

5.1 Data Sources

We construct queries and send retrieval requests to various literature databases,
using the open-source HtmlParser tool to extract titles, keywords, authors, jour-
nal names, issues, abstracts, controlled terms, and uncontrolled terms for local
database storage. The platform currently supports Chinese (Wanfang, CNKI)
and English (Web of Science, EI) retrieval.
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5.2 Data Preprocessing

Preprocessing includes format standardization, deduplication, and text process-
ing. Format Standardization: Different databases employ different stan-
dards, necessitating unified, standardized processing. Deduplication: Chinese
databases like CNKI, Wanfang, and CQVIP exhibit duplicate indexing (93.6%
overlap between Wanfang and CQVIP, 94.1% between CNKI and CQVIP). We
classify duplicates into: (1) database duplicate indexing, where identical lit-
erature appears multiple times in one or more databases; and (2) duplicate
publication, where one research outcome is published in different journals. Our
deduplication algorithm uses paper titles, first authors, journals, and years as
criteria, categorizing detected duplicates for different handling strategies—re-
moving type 1 duplicates while temporarily retaining type 2.

Text Processing: This step identifies candidate keywords from retrieved litera-
ture. Using HanLLP’s POS tagger, we segment and tag literature, removing punc-
tuation, numerals, discriminators, conjunctions, interjections, onomatopoeia,
prepositions, measure words, auxiliaries, modal particles, status words, and
pronouns, while retaining other POS types. We also remove stopwords, adding
common abstract terms to the general stopword list (e.g., research, has, adopts,
conduct, results show, application, method, problem, analysis).

5.3 Candidate Search Term Extraction Experiments

Compared Methods: We evaluate four common keyword extraction methods:
Most Frequent (MF), TF-IDF, LDA, and TextRank (TR), selecting the top 10
importance-scored words as candidates. MF uses term frequency as importance:
score(t) = f(t). TR importance scores are calculated as: score(t) = (1-d) + d
x X {t_ij} (0{t_it_j} x score(t_j) / X{t_jk} e {t_jt_k}), where d =
0.85 is the damping factor, and ¢ indicates co-occurrence. TF-IDF calculates
importance as: score(t) = TF-IDF(t) = f(t) x log(N/n(t)), where f(t) is total
occurrence count, N is total documents, and n(t) is documents containing term
t. LDA calculates word probability across t topics as: P(w|D) = ¥_z _ {z|D}
X ¢_{w|z}, where represents document-topic distribution and ¢ represents
topic-word distribution, selecting top o words (o = 10).

Corpus and Extraction Effectiveness: Using “Graphene in Lithium Batter-
ies: Applications and Prospects” as an example, we control online retrieval time
and avoid excessive irrelevant literature by limiting each database to $ $110
records, employing progressive, interactive experimental approaches. Search-
ing “graphene” in Wanfang yields 110 records. Using MF_{TR} (with co-
occurrence window w = 5 and iteration termination at >200 iterations or differ-
ence $ $0.001f), we extract 10 candidates from titles, keywords, and abstracts
separately, shown in . The 16 distinct candidates across three sources share
only 5 terms (31.25% overlap). For “lithium battery” , 20 distinct candidates
share only 3 terms (15% overlap). This demonstrates varying co-occurrence
distributions across different queries. Keyword-based extraction shows better
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synonym/hypernym-hyponym relationships than abstract-based methods, with
superior domain professionalism and comprehensiveness.

To verify whether combining keywords with titles/abstracts improves quality, we
conducted experiments using “graphene”with MF_ {TR} on keyword+title, key-
word+abstract, and all three combinations, shown in . Results show three new
candidates enter the top 10 when combining keywords with titles or abstracts.
Keyword+abstract performance approximates the three-component combina-
tion, while keyword-title replaces three terms (graphite, structure, nano with
preparation, performance, preparation) without significant improvement.

Increasing retrieved documents from 110 to 231 for “graphene” yields results in
. Within the observation window (top 10 words), increased document volume
only minimally affects extracted terms, limiting changes to one word and thus
having negligible impact on final results while consuming more resources and
time.

Method Comparison: Searching “graphene and lithium battery” in Wanfang
yields 131 documents. Comparative extraction results from titles, abstracts,
and keywords using MF, TR, TF-IDF, and LDA are shown in through . Title-
based methods produce consistent results across algorithms with minor posi-
tional variations due to limited title text. Abstract-based methods show 70%
overlap with title-based methods but different term rankings. Keyword-based
methods outperform title/abstract combinations because author-assigned key-
words, carefully selected to represent thematic content, offer natural advan-
tages in topicality and professionalism. Combined methods tend toward
title+abstract effects since their larger word counts dominate frequency and
co-occurrence metrics, overshadowing the smaller keyword set.

MF_{TR} essentially integrates traditional TextRank with MF methods. Re-
sults show that incorporating term frequency as a weighting factor yields out-
comes largely consistent with TR but boosts rankings of terms co-occurring
with high-frequency words, aligning with our objective of identifying relevant
terms closely associated with frequent query terms.

Iterative Extraction: To verify whether iterative extraction helps profession-
als quickly locate relevant terms, we compared extracted candidates with terms
used in actual novelty retrieval cases. For a project titled “Discovery and Re-
search of Lyme Disease in China” with scientific points covering epidemiological
surveys, tick transmission, spirochete analysis, and monoclonal antibody prepa-
ration, the final retrieval report included terms: Lyme disease, epidemiology,
Ixodes persulcatus, Borrelia burgdorferi, and monoclonal antibody.

First iteration: Using automatically generated query “China and Lyme disease
and discovery”retrieved 85 documents. MF__{TR} on keywords returned 10 can-
didates: Lyme disease, spirochete, test, genotype, polymorphism, epidemiology,
serum, diagnosis, virus, Borrelia. After domain expansion using Formula (4),
top terms included Lyme disease spirochete, Lyme disease, Borrelia burgdorferi,
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epidemiology, epidemiological survey, spirochete, indirect immunofluorescence
assay, diagnosis, enzyme-linked immunosorbent assay, genotype.

Second iteration: Using “Lyme disease spirochete” as query retrieved 130
documents. MF_{TR} extraction yielded: Lyme disease, spirochete, protein,
genotype, Borrelia, expression, host, part of Ixodes persulcatus, epidemiology,
transmission. After expansion: Lyme disease spirochete, Lyme disease, Borrelia
burgdorferi, Ixodes persulcatus, genotype, epidemiological survey, restriction
fragment length polymorphism, epidemiology, transovarial transmission, spiro-
chete.

Merging: Iteration produces varying scores for the same term across different
corpora, using the higher score for final sorting. After two iterations, the fi-
nal list contains: Lyme disease spirochete, Lyme disease, Borrelia burgdorferi,
epidemiology, epidemiological survey, Ixodes persulcatus, spirochete, genotype,
indirect immunofluorescence assay, diagnosis. Comparing with the final report,
four terms match exactly (Lyme disease, epidemiology, Borrelia burgdorferi,
Ixodes persulcatus), achieving 80% recall.

Conclusion and Outlook

This paper proposes an intelligent search term extraction method based on
real-time relevant corpora identified during sci-tech novelty retrieval, using pro-
gressive iterative extraction combining keyword extraction and domain feature
expansion. Comparison with actual cases demonstrates 80% recall for 10 ex-
tracted terms after two iterations. Since corpus acquisition via web crawling
requires substantial literature and time, future research will seek a practical
balance through real-world novelty retrieval practice. Additionally, extraction
effectiveness heavily depends on literature database quality, particularly spelling
errors affecting English term extraction, making error self-correction a future
research direction.
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