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Abstract

[B#y/&EX] This study proposes a novel quantitative metric—Document Topic
Novelty—to detect and investigate the novelty of literature thematic content
through a natural language word-pair approach, and explores its feasibility, ad-
vantages and disadvantages, as well as the relationship between novelty and
F1000 recommended literature and citation indicators. [#3%/it#2] Based on
F1000, we selected literature recommended within the recent month under the
hematology subject, retrieved from PubMed closely related articles published
within six months prior to each recommended publication to constitute the
complete document set. We defined the concept and calculation formula for
novelty based on the natural language method, implemented the algorithm us-
ing Oracle database PL/SQL programming language, and extracted natural
language vocabulary through MetaMap software to compute literature topic
novelty. [&R/4i¢] The natural language method demonstrates certain feasibil-
ity in the computational detection of literature topic novelty; Document Topic
Novelty is not equivalent to F1000 recommendations or citation performance, as
they belong to different dimensions and categories of scientific paper evaluation
and should not be generalized. This new metric of Document Topic Novelty
should be combined with other relevant evaluation indicators such as peer re-
view status and bibliometrics to conduct comprehensive evaluation and analysis
of literature, thereby selecting high-quality articles for recommendation.
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Abstract

[Purpose/Significance] This study proposes a new quantitative indicator—
document theme novelty—to investigate the feasibility of detecting literature
theme novelty through natural language word pair methods. It explores the rela-
tionship between this novelty measure and both F1000 recommended literature
and citation metrics, discussing the method’s advantages and disadvantages.

[Method/Process] Based on the F1000 database, we selected hematology-
themed literature recommended within the past month and retrieved closely
related publications from the preceding six months in PubMed to constitute
the complete document set. We defined the concept and calculation formula
for natural language method novelty and implemented the computation using
Oracle database PL/SQL programming. Natural language terms were extracted
via MetaMap software for calculating document theme novelty values.

[Result/Conclusion] The natural language method demonstrates certain fea-
sibility for literature theme novelty detection. Document theme novelty is not
equivalent to F1000 recommendations or citation counts; these belong to differ-
ent dimensions and categories of scientific paper evaluation and should not be
conflated. The document theme novelty indicator should be combined with peer
review, bibliometrics, and other relevant evaluation metrics for comprehensive
literature analysis and quality recommendations.

Classification Number: G250

Keywords: literature theme novelty detection; natural language word pairs;
MetaMap; F1000; citation index
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1. Introduction

With the rapid development of science and technology, research activities have
become increasingly active, producing substantial numbers of scientific papers
daily. Researchers must analyze large volumes of literature to understand dis-
ciplinary development trends and grasp cutting-edge information. While this
abundance of information provides rich resources, it also creates redundancy
problems, forcing researchers to expend considerable time and effort on litera-
ture review.
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Research on novelty detection can be traced to September 1996, when DARPA
(Defense Advanced Research Projects Agency) initiated a sub-project on topic
detection and tracking—first story detection or new event detection—within the
Text Retrieval Conference (TREC), the most authoritative international eval-
uation forum in information retrieval. Since TREC 2002, text content novelty
tracking and detection projects have been added. Subsequently, experts and
scholars from various fields have conducted numerous studies on analyzing and
detecting the novelty and innovation of scientific literature themes.

Y. Zhang [3] proposed a novelty detection method based on vector space mod-
els, with the novelty score formula: Novelty Score(d_t) = 1 - max_{1<i<t-1}
cos(d_t, d_i), arguing that greater similarity between current and previous
texts results in lower novelty. G. Kumaran et al. [4] enhanced novelty detection
precision by combining text classification and named entity techniques to im-
prove document representation. K. Rajaraman et al. [5] developed three compu-
tational methods for topic novelty detection, tracking, and trend analysis using
adaptive resonance theory neural networks. M. Zhang et al. [6] proposed an
overlap-based novelty determination method with the formula Overlap {BA}
= |A B|/|B|, applying a threshold to judge text novelty—higher overlap indi-
cating lower novelty. H.P. Zhang et al. [7] employed semantic distance calcula-
tion methods for TREC 2003 specific topics to detect novelty, retrieving new
information while filtering redundancy. S. Flora et al. [8] applied a document-
to-sentence annotation framework (D2S) to novelty detection for TREC 2004
and 2003 data, converting documents to sentences to identify sentence-level
novelty before calculating document-level novelty scores. Their experiments
demonstrated D2S’s superior ability to detect redundant information based on
document novelty percentages compared to standard precision and recall met-
rics.

Domestic scholars have primarily proposed innovation quantification indicators
based on keywords and term frequency. Shen Lii [9] introduced a general equi-
librium theory for scientific innovation, defining scientific achievement repeti-
tion rate and citation rate through keyword frequency to quantify innovation
degree. Shen Yang [10] proposed an innovation evaluation method based on
keyword frequency, considering keyword frequency in documents and search ex-
pressions, time span, and user evaluations as calculation bases. Hu Shuli and
Zhang Jinghui [11] created a mathematical formula to quantitatively calculate
literature novelty based on keywords and their ordering, describing novelty from
three levels: topic novelty, main argument/conclusion novelty, and evidence
novelty. Qian Lingfei et al. [12] defined three innovation evaluation indicators—
keyword crossover rate, co-word life index, and effective new word emergence
rate—for comparing disciplinary innovation capabilities, where higher effective
new word rates indicate stronger innovation sustainability. Subsequently, Yang
Jianlin et al. [13] proposed a theme novelty measurement method based on key-
word pair inverse document frequency, defining relevant concepts and providing
document novelty calculation formulas. Their empirical research concluded that
average theme novelty in important core journals within the same discipline is
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higher than in ordinary journals.

However, keyword-based methods have limitations: keywords are often non-
standardized, subjective, and limited in number, making them insensitive to
emerging research and new technological vocabulary. This study draws inspi-
ration from S. Flora’s document-to-sentence-to-document approach and Yang
Jianlin’s co-word analysis, time point, term frequency, and inverse document fre-
quency concepts. Leveraging MetaMap’s ability to automatically extract medi-
cal natural language vocabulary with high sensitivity to emerging concepts, we
propose a new quantitative indicator—document theme novelty—to investigate
literature theme novelty through natural language word pairs.

The core idea is that within a document set, searching for information not
present in previous documents reveals that the earlier a co-occurring natural
language word pair appears, the higher its novelty. In other words, when a
word pair first emerges in the document set, it best represents novelty and
emerging concepts, with its representational power for document theme novelty
gradually weakening as more documents containing it are published over time.

This study uses F1000 as a baseline, selecting natural language word pairs to
detect and analyze literature theme novelty, and compares these results with
citation data from Web of Science and F1000 recommendation scores (FFa)
to explore potential relationships and evaluate the feasibility and ifks2 of the
natural language word pair method.

2. Experimental Materials and Methods
2.1 Research Subject

We selected 38 hematology-themed literature items recommended by F1000
within the past month (downloaded on July 30, 2014) as our baseline. In
PubMed, we searched for literature closely related to these 38 items (related ci-
tations) published within the six months preceding each recommended article’s
publication, yielding 523 related documents. After limiting document types to
journal articles, historical articles, clinical trials (phases I-1V), controlled clini-
cal trials, randomized controlled trials, comparative studies, multicenter studies,
evaluation studies, and in vitro studies—the publication types that best repre-
sent a discipline’s latest frontiers—we excluded case reports, reviews, letters,
comments, news, meta-analyses, consensus development conferences, editorials,
and non-English or abstract-less documents. The final dataset comprised 401
documents, including 33 F1000-recommended articles. All 401 documents were
saved in MEDLINE format for natural language term extraction and novelty
calculation.
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2.2 Research Method

This study employs a document theme novelty detection method based on
MetaMap natural language word pairs, hereafter called the natural language
method. The approach follows three principles:

1. Co-occurrence Principle: Co-term analysis, proposed by French bib-
liometricians in the mid-to-late 1970s, originates from citation coupling
and co-citation concepts. It statistically counts keyword co-occurrences
in documents for cluster analysis to reveal disciplinary or thematic struc-
tural changes [14]. Our natural language method extends this to same-
document-same-sentence co-occurrence, where two terms appearing in the
same sentence have stronger latent connections and greater persuasive
power in revealing latest research, connotations, and themes than terms
merely co-occurring in the same document.

2. Time Point Principle: Within a document set, the earlier a document
containing a natural language word pair is published, the higher its novelty
degree [13].

3. Natural Language Word Pair Inverse Document Frequency Prin-
ciple: The value of co-occurring natural language word pairs in quanti-
fying a document’s theme novelty decreases as the number of previously
published documents containing that pair increases [13].

Based on these principles, we define:

Definition 1: Natural Language Term Time Inverse Document Fre-
quency

If t is a natural language term in document D, and N documents published
before D contain term t, then N+1 is called the document frequency of term t
relative to D, denoted as NLT {IDF}(D, t). The reciprocal of N+1 is called the
time inverse document frequency of term t relative to D, denoted as NLTIDF(D,
t).

Definition 2: Natural Language Word Pair Time Inverse Document
Frequency

If t1 and t2 are two natural language terms co-occurring in the same sentence of
document D, and N documents published before D contain both terms t1 and
t2 in the same sentence, then N+1 is called the document frequency of word
pair (t1, t2) relative to D, denoted as NLPT_{IDF}(D, t1, t2). The reciprocal
of N+1 is called the time inverse document frequency of word pair (t1, t2)
relative to D, denoted as NLPTIDF(D, t1, t2). Clearly, NLPTIDF (D, t1, t2) >
max(NLTIDF(D, t1), NLTIDF(D, t2)).

Definition 3: Document Sentence Novelty

The average value of all natural language word pair time inverse document
frequencies in sentence S of document D is called the novelty of sentence S in
document D, denoted as NOV (D, S):
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S cicjen NLPTIDE(D, 1, 1))

NOV(D,$) = n(n—1) x 0.5

where t_i and t_j are the ith and jth natural language terms in sentence S of
document D. Clearly, NOV(D, S) (0, 1].

Definition 4: Document Theme Novelty
If document D contains K sentences, the average of all K sentence novelty values
is the document’s theme novelty, denoted as NOV(D, N):

1
NOV(D.N) = — > NOV(D,S)
where S_ K is the Kth sentence’s novelty in the document. NOV(D, N) (0, 1].

2.3 Research Tools

We selected MetaMap, a mapping tool from free text to UMLS super-thesaurus
developed by the U.S. National Library of Medicine [15-16], for its ability to auto-
matically extract natural language vocabulary with high sensitivity to emerging
concepts and novel terminology—crucial for novelty calculation. MetaMap di-
rectly processes MEDLINE-format data to extract natural language terms. We
used “MetaMap Result Processing Software” independently developed by China
Medical University’s Medical Informatics Department to process MetaMap’s
batch results, generating term frequency counts and co-occurrence matrices.
This software extracts each term’s occurrence in every sentence, creating records
with: ID (program sequence number), article (PubMed PMID), word (best
matching term from MetaMap mapping), classes (semantic type), part (loca-
tion in abstract: ti for title, ab for abstract), and sentence (sentence number).
The natural language method’s same-sentence co-occurrence refers to word pairs
with identical article, part, and sentence values, saved in Excel format for nov-
elty calculation. From 401 documents, we extracted approximately 50,000 term
records, forming about 170,000 word pairs.

We then used Oracle 10g database [17-18] with PL/SQL programming [18] to
calculate each article’s novelty according to our defined algorithm. We compared
these novelty values with F1000 scores (FFa) and SCI citation frequencies to
analyze feasibility and ffifits.

3. Experimental Results and Conclusions
3.1 Overall Document Theme Novelty and Partition Analysis

Partial results are shown in Table 1 and Table 2 .
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The natural language method calculated novelty values for all 401 documents in
the dataset, ranging from 1 (maximum) to 0.525 (minimum). Results were di-
vided into six intervals, with an average novelty of 0.8713. Documents exceeding
the average numbered 216, accounting for 53.87% of the total. Documents with
novelty = 1 represent the earliest published literature in the set, containing en-
tirely new natural language word pairs and serving as the reference standard for
identifying novel information in subsequent documents. The novelty distribu-
tion differences are not particularly pronounced, with most documents (80.05%)
concentrated in the (1, 0.8] interval. This likely results from PubMed’s backend
similarity calculation during dataset collection, yielding highly relevant docu-
ments with minimal differences. We anticipate that datasets obtained through
direct topic-based retrieval would show more distinct partitioning and variation.

3.2 Novelty of F1000 Recommended Literature vs. SCI Citations,
F1000 Scores, and Journal Impact Factors

Table 3 and Table 4 present the aggregated results and partitioning.

The natural language method calculated novelty for all 33 F1000-recommended
documents, with values ranging from 0.525 to 0.992. Results were divided into
six intervals, with an average novelty of 0.8155. Twenty documents exceeded
the average, representing 60.61% of F1000-recommended literature—a higher
proportion than the overall dataset (53.86%).

We anticipated statistical relationships between document theme novelty and
citation frequency, F1000 scores, and journal impact factors. However, after
applying several statistical methods, we found no statistically significant corre-
lations. Document theme novelty is not equivalent to F1000 scores or citation
metrics; these belong to different evaluation dimensions and categories.

F1000 represents expert evaluations of academic content from perspectives of
innovation, importance, rationality, and methodology. Most recommended ar-
ticles score 1, following a long-tail distribution. F1000’s initial goal was to
provide rapid post-publication expert assessment of expected impact for high-
impact paper filtering [20]. However, a paper’s true impact requires years to
measure, influenced by research field, publication delays, journal accessibility,
and citation cycles [21]. In our study, although we retrieved recently recom-
mended literature, some high-quality papers dated back 5-10 years or more.

Journal impact factor represents a journal’s two-year citation performance and
cannot individually reflect a single paper’s novelty or influence. Song Liping et
al. [19] found that journal impact factor and single paper influence can diverge,
a conclusion our results support.

3.3 Citation Patterns in Overall Dataset vs. F1000-Recommended
Literature

Table 5 compares citation patterns.
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Among 401 dataset documents, 368 (91.77%) were SCI-indexed, with 33 (8.23%)
not indexed. Citation counts ranged from 0 to 4,822. Twenty-nine documents
(7.88% of SCI-indexed set) exceeded 100 citations, while 46 (12.5%) had zero
citations. The average citation count was 42.98, with 64 documents (17.39%)
exceeding this average.

Among 33 F1000-recommended documents, 32 (96.97%) were SCI-indexed. Ci-
tation counts ranged from 0 to 4,822, with 12 documents (36.36% of SCI-indexed
set) exceeding 100 citations and 4 (12.12%) having zero citations (all published
within three months of retrieval date). The average citation count was 243.125,
with 5 documents (15.15%) exceeding this average. F1000-recommended liter-
ature shows generally higher citation counts than the overall dataset, demon-
strating its high value.

Given the large time span, we compared publications by year: In 2002, 6 docu-
ments exceeded 100 citations (3 F1000-recommended); in 2003, 2004, and 2006,
only F1000-recommended documents exceeded 100 citations; in 2007, 7 doc-
uments exceeded 100 citations (5 F1000-recommended); in 2008, among 15
documents, only 2 F1000-recommended documents exceeded 100 citations; in
2011, F1000-recommended documents ranked top two in citation frequency;
in 2013 and 2014, differences were less pronounced due to recent publication
dates and citation cycles, though the highest-cited 2014 documents were F1000-
recommended. Additionally, 8 dataset documents were not yet indexed in SCIE
due to database delay.

4. Discussion
4.1 Significance of Document Theme Novelty Detection

Innovation is the soul of academic activity. As scientific research outcomes, aca-
demic works are characterized by “new content and new knowledge,” quantified
through knowledge units or information volume [22]. Our proposed document
theme novelty provides a content-based literature evaluation method that statis-
tically analyzes term frequency and trend patterns to determine a paper’s nov-
elty within a document set. The natural language method reflects theme novelty
through same-sentence co-occurring word pair inverse document frequencies, es-
sentially searching for information not present in previous documents.

While novelty is necessary but not sufficient for innovation—mnovel literature
may not necessarily have high impact—it still holds research value for identify-
ing latest developments and disciplinary trends. We can use document theme
novelty as a reference indicator for literature recommendation, selecting highly
novel and innovative documents (those proposing new viewpoints, methods, or
theoretical explorations) to help researchers understand cutting-edge develop-
ments and improve reading efficiency.
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4.2 Feasibility Analysis and {£f#= of Natural Language Method

The natural language method operates on same-sentence co-occurrence, which
we argue has stronger latent connections and greater significance in revealing
concepts, themes, and connotations than same-document co-occurrence.
Using natural language vocabulary extracted from titles and abstracts—
unstandardized natural terms—the method can reveal thematic meaning to
some extent. It operates without time constraints, calculating novelty across
entire document sets. As MetaMap’s source vocabulary continuously updates,
it can extract novel and recently emerged scientific terminology, providing high
value for revealing emerging thematic concepts through novelty calculation.

4.3 Relationships Between Document Theme Novelty, F1000, and
Citation Metrics

This study confirms low correlation between natural language method novelty
and F1000 scores or citation metrics. High novelty doesn’t guarantee high F1000
scores or citations, and low novelty doesn’t preclude them. Literature novelty,
influence, and quality belong to different evaluation dimensions.

Citation relationships demonstrate knowledge inheritance and utilization, mark-
ing scientific development [23]. However, citation volume has time lags and
Matthew effects, limiting its utility for analyzing emerging topic novelty, and
bears no necessary relationship to document novelty.

Thomas Kuhn’s [24] scientific paradigm concept identifies two innovation types:
cumulative progressive research within existing paradigms, and revolutionary,
high-risk, transformative research causing scientific revolutions. Peer review
is the primary mechanism for evaluating scientific research [25], representing
expert opinions without necessary connection to value, influence, or novelty.

Du Jian, Tang Xiaoli, and Wu Yishan’s team [26] studied factors affecting differ-
ences between peer review and citation metrics in paper evaluation. They found
F1000 experts tag papers with identifiers; those labeled “new finding,” “confir-
mation,” “technical advance,” “review comment,” and “systematic review/meta-
analysis” receive relatively high citations but few recommendations (mostly con-
firmatory and evidence-based research). Papers tagged “interesting hypothesis,”
“controversial,” “refutation/overturn,” “new drug target,” or “can change clin-
ical practice” receive high recommendations but fewer citations (mostly trans-
formative and translational research). This shows citation behavior reflects
knowledge relationships within academic communities, while peer review better
evaluates transformative, high-risk research whose potential to overturn existing
paradigms and clinical applicability is best judged by practitioners.

A PNAS study analyzed scientific peer review effectiveness. K. Siler et al. [27]
examined 1,008 manuscripts submitted to Annals of Internal Medicine, BMJ,
and The Lancet in 2003-2004, finding these journals rejected many subsequently
highly-cited papers, including 14 of the most-cited papers (12 rejected by ed-
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itors). This suggests peer review effectively predicts “good” papers but may
struggle to identify exceptional or breakthrough research [27].

Song Liping et al. [28] found F1000 factors and Web of Science show significant
positive correlation, with bibliometric indicators and expert peer review yield-
ing consistent conclusions to some extent. However, some highly F1000-rated
articles lack high citations, and both methods have limitations for single-paper
quality evaluation. Bibliometric indicators may miss important papers that ex-
perts rate as excellent [13]. Song Liping et al. [19] further noted in digital-era
scientific impact evaluation that F1000, Mendeley, and traditional bibliometric
indicators represent a multi-dimensional evaluation landscape.

5. Limitations of This Study

5.1 Natural Language Word Pair Extraction Constrained by
MetaMap

Natural language word pair extraction depends on MetaMap, whose perfor-
mance critically constrains our calculations. As its vocabulary source continu-
ously updates, MetaMap’s effectiveness in extracting emerging scientific termi-
nology directly affects calculated novelty values.

5.2 Literature Collection Method

Our dataset collection aimed to calculate novelty across literature with certain
relevance within a discipline, expecting successful partitioning with targeted
scope. Direct free-term retrieval methods may yield different results with more
pronounced distribution differences.

5.3 MetaMap Result Processing Software and Operational Applica-
bility

Since MetaMap data sources constantly update while our processing software
(developed by China Medical University in 2010) may have compatibility issues
with newer data formats, objective errors could affect results. Manual removal
of stop words, numerals, pronouns, prepositions, and symbols without substan-
tive meaning involves subjectivity that may influence outcomes. Additionally,
sentences yielding only one natural language term cannot form word pairs and
were excluded, potentially affecting results.

5.4 Lack of Weighting

Our method treats natural language word pairs from titles and abstracts equally.
However, given titles’ importance, different weight assignments for title versus
abstract terms should be considered in future research.
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5.5 Lack of Evaluation Method for Calculated Results

We lack an effective evaluation method for novelty results. We considered expert
evaluation but abandoned it due to experts’ busy schedules, limited availability,
and subjectivity. Using F1000 scores also proved unsuitable due to subjectiv-
ity and dimensional differences. TREC evaluation metrics (recall, precision,
F-value) [1] apply to prediction results with established answers and are unsuit-
able here. Future research should select appropriate scientific paper evaluation
indicators [29] for validation.

6. Conclusion

1. This study confirms the natural language method’s feasibility for docu-
ment theme novelty calculation.

2. Document theme novelty is not equivalent to F1000 recommendations or
citation metrics; they belong to different evaluation dimensions and should
not be conflated.

3. The document theme novelty indicator should be combined with peer
review, bibliometrics, and other evaluation metrics for comprehensive lit-
erature analysis and quality recommendations.

Future research will compare medical subject heading word pair methods with
natural language methods on the same dataset, explore different data collection
approaches, and carefully select multiple appropriate evaluation indicators for
validation.
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