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Abstract

Purpose/Significance: This study leverages the innovative characteristics em-
bedded in scholars’ knowledge structures to design metrics for measuring the
novelty of scholars’ early-stage knowledge structures, thereby predicting their fu-
ture impact and providing a new reference indicator for the early identification of
academic talent. Method/Process: First, data for 57,927 scholars in the biomed-
ical field were obtained from the PKG (PubMed Knowledge Graph) database,
and scholars’ knowledge structures were constructed using co-occurrence rela-
tionships of controlled subject terms. Second, six metrics were designed from
two dimensions—knowledge topics and structural positions—to measure the
novelty of scholars’ early-stage knowledge structures. Subsequently, scholars
were classified and labeled based on their later-stage impact, and machine learn-
ing models were trained. Finally, the classification performance of models with
different variable combinations was experimentally evaluated, and the predic-
tive performance of metrics based on knowledge structure novelty was analyzed.
Results/Conclusion: The findings reveal that novelty metrics can effectively pre-
dict impact. In single-metric prediction, Topic Novelty (TN) demonstrates the
best performance, while the four structural-level metrics all outperform Topic
Combination Novelty (TCN). The integrated metrics achieve an average im-
provement of 2.7% in Fl-score. This paper provides a perspective for predict-
ing and understanding scholars’ academic impact from content features, and the
new metric design is valuable in addressing the limitations of existing predictive
indicators.
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Abstract

[Purpose/Significance] This study leverages the innovative characteristics
inherent in scholars’ knowledge structures to design indicators that measure
the novelty of early-career knowledge structures, thereby predicting scholars’
future influence and providing new reference indicators for the early identifi-
cation of academic talent. [Methods/Process] First, we obtained data on
57,927 biomedical scholars from the PubMed Knowledge Graph (PKG) database
and constructed scholars’ knowledge structures using co-occurrence relation-
ships of controlled subject terms. Second, we designed six indicators from two
perspectives—knowledge themes and structural positions—to measure the nov-
elty of scholars’ early knowledge structures. Next, scholars were classified and
labeled based on their later influence, and machine learning models were trained.
Finally, we evaluated the classification effectiveness under different variable com-
binations and analyzed the predictive performance of indicators based on knowl-
edge structure novelty. [Results/Conclusion] The study found that novelty
indicators can effectively predict influence. Among single-indicator predictions,
Topic Novelty (TN) performed best, while the four structural-level indicators
all outperformed Topic Combination Novelty (TCN). The Fl-score of compre-
hensive indicators improved by an average of 2.7%. This paper provides a
perspective for predicting and understanding scholars’ academic influence from
content characteristics. The newly designed indicators are valuable and can
compensate for the shortcomings of existing prediction metrics.
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1. Introduction

Predicting scholars’ future influence based on their early academic performance
and research capabilities is an important yet challenging research task that has
attracted significant attention from both academia and research management
practice [1-2]. A scholar’s knowledge structure [3] constitutes an important
foundation for their academic achievements and creativity, serving as a crucial
carrier of their theoretical ideas and research methods, and is inextricably linked
to their academic influence [4]. Highly influential scholars often tend to select
novel topics for research during the early stages of their careers [5], making it
promising to adopt indicators based on the novelty of scholars’ early knowledge
structures to predict their future influence.

Research on predicting scholar influence can help establish more comprehensive
and objective academic evaluation systems and promote scientific development.
Currently, influence measurement typically focuses on external indicators such
as citation counts and journal impact factors [1]. The main problems with this
approach are that some researchers one-sidedly pursue publication quantity,
lack content innovation, and chase hot topics without addressing key scientific
questions [7]. Meanwhile, highly novel research is often subject to greater un-
certainty, and recognition of its influence (e.g., through citations) typically ex-
hibits temporal lag [8]. For example, limited by peer reviewers’ cognition, some
major innovative achievements have experienced delayed recognition, becoming
scientific “sleeping beauties” [9]. Therefore, predicting future influence based
on early citations or H-index suffers from timeliness issues. As the main sub-
jects of academic research, scholars’ internal knowledge organization reflects the
path of scientific progress. Consequently, indicators that reflect the innovative
characteristics of scholars’ knowledge structures should be incorporated into the
indicator system for early evaluation and selection.

In view of this, this study designs novelty measurement indicators based on com-
plex networks to predict scholars’ future influence, compares their predictive
performance with existing indicators across multiple dimensions, and explores
more optimized combination prediction schemes. Unlike previous studies that
start from external features of academic performance, this paper attempts to use
the novelty presented in scholars’ internal knowledge structures to predict fu-
ture high-impact scholars, dynamically tracking scholars’ academic development
capabilities to compensate for the lag in academic recognition. Simultaneously,
from the perspective of “breaking the five-only” policy, this study explores the
significance of knowledge novelty—often overlooked by traditional quantitative
evaluation indicators—for talent identification and selection.
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2. Related Research

This section reviews relevant research on key concepts including scholar knowl-
edge structure, scholar influence, and novelty, and summarizes the relationships
between these concepts based on existing work to establish the logical founda-
tion for this study.

2.1 Research on Scholar Knowledge Structure

Existing research has explored the concept of knowledge structure from both
disciplinary and individual scholar perspectives. At the disciplinary level, knowl-
edge structure is a collection of disciplinary knowledge elements and their inter-
relationships. Units representing knowledge elements, ordered by semantic gran-
ularity from small to large, include author keywords (AK), combined subject
terms [10], individual papers [11], etc. For keywords or subject terms, document
co-occurrence can be used to form topic networks; for papers, citation relation-
ships can be used to form citation networks. Both types of networks are referred
to as disciplinary knowledge structures. By designing complex network indica-
tors, we can measure network attributes, discover structural characteristics, and
observe their evolution over time. Changes in disciplinary knowledge structure
may signify the publication of breakthrough achievements or the emergence of
breakthrough topics. For example, Min et al. predicted breakthrough papers by
constructing first-generation citation networks of focal papers and calculating
network indicators [11], while Xu et al. identified breakthrough topics by con-
structing topic networks and observing sudden changes in network structural
entropy [10].

Papers are not created out of thin air but are produced by numerous scholars.
Therefore, it is appropriate to introduce the concept of knowledge structure from
the disciplinary level to the scholar level. Scholar knowledge structure can be de-
fined as “the composition and combination patterns of knowledge possessed by
an individual” [3]. Construction methods for disciplinary knowledge structures
(topic networks, citation networks) have also been introduced to the scholar level
[12]. Scholar knowledge structure is also dynamic, resulting from scholars’ se-
lection and effective combination of appropriate knowledge elements. Brookes’
fundamental equation of information science, K[S] + AI = K[S4+AS], describes
the dynamic change process of individual knowledge structure, where K[S] rep-
resents the initial knowledge structure, AI represents information, K[S+AS]
represents the new knowledge structure formed after absorbing information Al
and AS represents the effect of information absorption [15]. Scholar knowl-
edge behavior can be summarized as: absorbing new knowledge and reusing
old knowledge [16]. The number and types of knowledge topics scholars choose
reflect the breadth of their research vision, while the way they connect relation-
ships reflects the depth of their research vision [3]. Therefore, scholar knowl-
edge structure reflects scholars’ academic foundation, academic resources, and
academic capabilities to a certain extent [17-19], which ultimately manifest as
academic influence. For example, Zeng et al. found that thematic concentra-
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tion in scholars’ early knowledge structures is conducive to generating greater
influence, while later stages require appropriate diversification of research topics
[4]. Unlike disciplinary-level knowledge structures, individual scholars’ knowl-
edge structures also implicitly contain tacit knowledge such as beliefs and ideas;
however, considering measurement feasibility, this study limits it to the explicit
knowledge level based on research topics.

2.2 Research on Scholar Influence Prediction

Scholar influence is a key indicator for measuring academic ability and contribu-
tion. Predicting scholars’ future academic achievements and development has
important application value in research management and resource allocation.
Existing research typically predicts scholars’ future influence from three aspects:
academic performance, social resources, and personal characteristics: (1) Early
academic performance includes the number of published papers, citation counts,
h-index, and whether publications appear in top-tier journals. In 2012, Acuna
et al. published in Nature demonstrating the feasibility of using polynomial re-
gression based on the h-index [20] to predict scholars’ influence over the next 5
and 10 years [21]. Additionally, publication journal diversity, journal impact fac-
tor, and top 10% journal indicators are commonly used to characterize scholars’
academic performance [21]. (2) Scholars’ social resources that can be quanti-
fied mainly include academic collaboration relationships, such as the number of
collaborators, scholars’ positions in collaboration networks, and whether they
collaborate with top scholars [23], all of which are important factors for mea-
suring future influence. (3) Furthermore, some personal characteristics such as
gender, age, education level, and position changes are also important reference
indicators [24]. In summary, most existing influence prediction research selects
indicators from scholars’ early academic performance external features.

Existing scholar influence prediction methods can be summarized as: (1) Statis-
tical regression methods, based on bibliometric principles, treat influence as a
continuous numerical dependent variable and fit mathematical formulas accord-
ing to the correlation between independent and dependent variables to calcu-
late future influence values [20]; (2) Machine learning methods, which extract
features from scholars’ early learning behaviors and predict future influence
through supervised or unsupervised learning to achieve deep mining of large-
scale data. Common research includes predicting outstanding scholars [25]
(academic rising stars, academicians, Nobel laureates, etc.), treating whether
one is an outstanding scholar as a classification label and converting the pre-
diction into a binary classification problem, with applicable machine learning
algorithms including KNN, SVM, XGBoost, Random Forest, etc.; (3) Social
network methods, which construct social networks based on citation and collab-
oration relationships among scholars, predict scholars’ future positions in the
network through network evolution and node attribute characteristics, thereby
predicting scholars’ influence ranking [26].
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2.3 Research on the Relationship Between Novelty and Influence

Although scholars’ early academic performance (citations, h-index, etc.) has
become mainstream indicators for predicting future influence, existing research
also shows that there is a close relationship between academic achievement nov-
elty and influence. Since academic research is not only an innovative activity
that promotes scientific progress but also a social activity that promotes aca-
demic exchange, the relationship between academic achievement novelty and
influence is not simply linear [27].

From the paper perspective, a paper’s influence varies during dissemination and
promotion depending on its novelty. Many studies have found a non-linear in-
verted U-shaped relationship between paper novelty and citation count [28-29].
This reflects that papers with low novelty often have outdated topics and lack
research value, making it difficult to generate significant academic impact; mean-
while, papers with excessively high novelty may be too “novel” or “premature”
to be widely understood and accepted, encountering resistance in dissemina-
tion [11]. Highly influential papers typically have unique innovative character-
istics [30], balancing academic novelty and public recognition by connecting
old and new knowledge. From the scholar perspective, scholars also seek bal-
ance between innovation and conservatism in research activities. Driven by the
exploration-exploitation model (EEM), scholars will learn about and explore
new topics based on their knowledge reserves to expand their knowledge struc-
ture and achieve academic innovation [13]. Huang et al. believe that successful
scholars tend to research novel topics in their early careers and propose in their
discussion section that “academic rising stars can be identified from scholars’
early career topic selection behavior” [6].

Currently, methods for measuring paper novelty are mainly based on topic nov-
elty or citation diffusion effects. Calculation methods based on topic novelty
can be obtained through topic age [6] or relative topic frequency. Calculating
topic novelty requires a background corpus with sufficient time span and com-
plete database. Meanwhile, paper subject terms are also knowledge elements
of scholars’ knowledge structures, and scholar knowledge structure novelty can
also be calculated based on topic age.

2.4 Research Review

Existing research has achieved rich results in scholar knowledge structure,
scholar influence prediction, and novelty, laying a solid foundation for this
study. Summarizing existing research reveals: (1) Scholar knowledge structure
can be constructed from knowledge topics and their interrelationships, and
knowledge structure can reflect scholars’ research capabilities, which are
ultimately manifested as influence. (2) Predicting scholars’ future influence
through early academic performance (such as citation counts, h-index) is the
current mainstream approach, but it has defects such as citation lag and
insufficient historical data for young scholars. More importantly, most existing
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research has overlooked the possibility of predicting scholars’ future influence
based on their early knowledge structure. (3) There is an inverted U-shaped
relationship between academic achievement novelty and influence, and the
underlying logic of academic achievement novelty is determined by scholars’
selection of knowledge topics and establishment of inter-topic relationships,
which is precisely the connotation of scholar knowledge structure. Therefore,
there is also a close relationship between reasonable scholar knowledge structure
and academic influence. The novelty characteristics of knowledge structure can
be used to predict scholar influence; moreover, prediction from the perspective
of scholars’ research content features has the characteristic of immediacy,
can compensate for the lag of traditional citation-based indicators, and can
complement traditional indicators to jointly improve influence prediction
effectiveness.

In summary, the internal logic of this paper is: constructing scholar knowledge
structure through knowledge topics and their relationships, designing new in-
dicators that fuse “complex network indicators + novelty” to measure scholar
knowledge structure novelty, and using this as a basis to predict scholar influ-
ence. Through extensive experiments and comparisons, we verify the effective-
ness of our indicators and analyze their potential value.

3.1 Research Design

To verify the capability and value of scholar knowledge structure novelty indi-
cators in predicting scholar influence, this paper centers on indicator design,
uses large-scale domain data, and conducts machine learning-based prediction
tasks to verify indicator rationality. From an empirical process perspective, the
research framework is designed as shown in Figure 1 [Figure 1: see original
paper].

Figure 1 Research framework of this paper

1. Data source and processing

2. Indicator design and calculation

3. Experimental design and evaluation

- Large-scale biomedical scholar database

- Screen appropriate scholar groups

- Extract scholars’ controlled subject terms

- Construct scholar knowledge structure based on term co-occurrence
- Topic-based indicators

- Network structure-based indicators

- Measure knowledge structure novelty under different indicators

- Machine learning classification prediction

- Algorithms: Logistic Regression, Back Propagation Neural Network, Random
Forest

- Prediction evaluation (P/R/F1)

- Result analysis and discussion
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Specifically: (1) This paper adopts a large-scale, long-time-span complete
biomedical scholar database as the data source, screens scholars from the
database according to certain criteria as research subjects, and classifies and
labels scholars based on specific prediction tasks. (2) For screened scholars, we
construct each scholar’s knowledge structure based on subject terms annotated
for their published articles in the database. We discuss and design novelty
indicators from two levels—theme/theme combinations and their positions in
the knowledge structure—and measure scholars’ knowledge structures. (3) We
transform scholar influence prediction into a binary classification task based
on machine learning algorithms, examine the predictive performance of scholar
knowledge structure novelty over long time periods, and finally evaluate and
analyze prediction results to provide understanding of the relationship between
novelty and scholar influence.

Main experimental steps: (1) Calculate scholar knowledge structure novelty in-
dicators and influence indicators for each time window in scholars’ early careers
using 5-year, 10-year, 15-year, and 20-year periods. (2) Rank scholars based on
cumulative citation counts in each time window, labeling the top 10% (follow-
ing Bornmann’s definition of highly cited papers [22,32]) as outstanding scholars
for pre-classification. (3) Design two sets of time-span predictions according to
scholar growth patterns: using the first 5 years of academic performance to
predict influence classification in the 15th year, and using the first 10 years to
predict influence classification in the 20th year.

3.2 Scholar Knowledge Structure and Measurement Indi-
cators

Following the description in study [3], this paper defines scholar knowledge struc-
ture as “the composition and combination patterns of knowledge possessed by
an individual.” Similar to study [10], we use topics as basic knowledge elements
and present knowledge combination patterns through document co-occurrence
of topics (topic combinations). Since this paper takes the biomedical field as an
example, we can obtain controlled subject terms annotated for each scholar’s
paper. Subject terms cover the paper’s subfield and research content, and the
topic network contains the knowledge and inter-topic relationships that schol-
ars absorbed and created early in their careers, which is defined as the scholar
knowledge structure in this paper. Compared with author keywords, controlled
subject terms are more standardized, better solving synonym problems and thus
reducing noise in scholar knowledge structures. Additionally, since the number
of controlled subject terms is far less than the numerous author keywords, it is
more convenient and accurate for large-scale calculation of term novelty.

The specific construction process is shown in Figure 2 [Figure 2: see original
paper].

Figure 2 [Figure 2: see original paper] Workflow for constructing
scholar’s knowledge structure
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Based on the generated knowledge structure, this paper designed six novelty
indicators. Among them, topic novelty and topic combination novelty are com-
monly used indicators in existing research [6]; while indicators that fuse novelty
connotation from complex network structure perspectives are newly designed in
this paper, considering that the positions of topics and topic combinations in
the knowledge structure contain rich and non-negligible innovative behaviors.
The symbols and definitions used for related concepts are explained in Table 1

Table 1 Definitions of symbols used in this paper

Symbol Definition

A All scholars in the biomedical field

« Individual scholar, o A

no Cumulative number of articles published by
scholar o

na,i The i-th article of scholar a

ma,i Number of subject terms in article neo,i

Xa,i Set of subject terms in article na,i

Xa,ik The k-th subject term in article na,i

ta,i Publication year of article na,i

txa,ik Year when subject term Xa,ik was first

introduced into the research field

(1) Topic Novelty (TN)

The main elements of a scholar’s knowledge network are topics and topic com-
binations. What topics scholars choose to build their knowledge structure is
a key factor determining their output, and conducting research using highly
novel knowledge is the source of innovation. Therefore, we must first determine
whether topic units in a scholar’s knowledge structure are novel. Tu and Seng
proposed an algorithm to quantify the novelty index of subject terms based on
time [31], which uses the reciprocal of the time span between the year a term was
first adopted in a specific field and the year it is currently being used to measure
the term’s novelty when used. Building on this, Huang et al. introduced a tem-
perature parameter A to control the decay rate of the Sigmoid curve [6], with
an appropriate A value (20 in the paper) effectively distinguishing the novelty
of different subject terms at specific times. The calculation is as follows:

2
(14 e o))

TN(x,;p,t) = telt, toi] Formula (1)

’ o,k ?

Where TN (z,,; x,t) is the novelty of the k-th subject term in article n, ; pub-
lished by scholar «v in year t, and ¢ —¢,  is the time span between the year
the subject term was first introduced into the field and the year the scholar
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used it. The novelty value obtained from this formula ranges between 0 and 1,
with larger values indicating higher novelty of the subject term, reaching 1 at
t=1t, .. and approaching 0 at t = +oo.

This paper uses the first recorded year of a subject term as the reference time
for its first appearance in the field. Scholar a’s Topic Novelty (TN) in year t is
the average of novelty indices of all topics in the scholar’s knowledge structure
in year t, as shown below:

1 [e3
TN(ot) = = Z TN(xyip:t), tEI, to;] Formula (2)

ik

(2) Topic Combination Novelty (TCN)

The arrangement and combination of topics by scholars are also important as-
pects of knowledge structure shaping and key pathways to achieving innovation.
The more novel, larger-span, and less common the topic combination, the more
likely it contains knowledge with higher innovative value and can lead to break-
through progress [33]. Similarly, Topic Combination Novelty is derived from
the time-decay algorithm using the reciprocal of the time span between when
the topic combination was first adopted by the field and when the scholar used
it [6]. A scholar’s TCN in year t is the average novelty of all topic combinations
in papers published that year, as shown in Formulas (3) and (4):

2

TCON(%p; j5Toigrt) =
s, P, (1+ 67/\(t7tmw_.’J_,Iw,qk)>

a,ij Lok’

Mo

1
TCN(o,t) = = Z Z TCON (2o, ) Taigt), tE€ [t% _ k7ta)i]
Zi:l( 5’1) i=1 1<j<k<m,, s

i

(3) Novelty of Topic Degree Center (NTDC)

Beyond considering the novelty of topics/topic combinations, the position of
topics in the knowledge structure is also important. When topics with higher
novelty occupy core positions in a scholar’s knowledge structure, it indicates
that the scholar has conducted extensive research centered around these topics.

Using complex network principles, in a scholar’s knowledge network, the topic
node with the highest degree centrality is the one that has combined with
the most other topics, representing the scholar’s high-frequency use and multi-
dimensional research of this topic knowledge. From the perspective of novelty
maximization, ideally, the node with the highest novelty should be the node
with the highest degree centrality, with other nodes ranked accordingly. Based
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on this, this study designed an indicator to measure the gap between actual net-
work conditions and the ideal state regarding node degree centrality—the closer
to the ideal state, the higher the knowledge structure novelty. The specific
calculation of NTDC is as follows.

NTDCE represents the ideal state novelty of topic degree center, where n is
the number of topic nodes in the network. IV, is the novelty value of the topic
ranked i-th (in descending order), and C; is the degree centrality value of the
topic node ranked i-th (in descending order). The product of corresponding N;
and C; is calculated and averaged. The formula is:

1 n
NTDCE =—-% N, xC; F la (5
n; ; x C; Formula (5)

In a real scholar knowledge network, we calculate the average of the product of
each topic node’s actual novelty N; and actual degree centrality C/ to obtain
the actual novelty of topic degree center, NTDCR:

1 n
NTDCR = — > N/ x €} Formula (6)

i=1

By dividing the ideal knowledge unit degree center novelty by the actual situa-
tion, the ratio is used to measure the novelty degree of the scholar’s knowledge
network. NTDC values range between 0 and 1, with larger values indicating
higher knowledge structure novelty:

NTDCR

NTDC = SThcE

Formula (7)

(4) Novelty of Topic Combination Degree Centrality (NTCDC)
Topic combinations exist as edges in scholar knowledge networks. Although
complex network theory lacks formulas for edge centrality, from the practical
meaning of this study, we use the average degree centrality of the two nodes
in a topic combination as the degree centrality of that topic combination. Us-
ing the same calculation method as NTDC, we can obtain NTCDC. Since it
considers two topics simultaneously, NTCDC more prominently emphasizes the
importance of novel topics’ positions in the knowledge structure compared to
NTDC.

(5) Novelty of Topic Unit Betweenness Centrality (NTBC)

Using the same calculation method, but replacing degree centrality with be-
tweenness centrality of topics in the network, we obtain NTBC. Betweenness
centrality focuses on nodes’ control over information flow in the network. Nodes
with high betweenness centrality may not have high degree centrality but play
a potential indirect role in network connectivity. Therefore, NTBC measures
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whether novel topics serve to connect other topics. Higher NTBC values indi-
cate that scholars are better at using highly novel topics to connect existing old
topics in their knowledge structure.

(6) Novelty of Topic Combination Betweenness Centrality (NTCBC)
Similarly, using the average betweenness centrality of the two subject term nodes
in a topic combination in the knowledge network as the betweenness centrality
of that topic combination, we can obtain NTCBC. Since it considers the be-
tweenness positions of two subject terms, NTCBC further highlights scholars’
behavior of using highly novel topics to connect old topics, building upon NTBC.

In total, six novelty indicators are obtained. To compare with traditional meth-
ods, we include three external features in the indicator system: scholars’ early
citation counts, journal impact factors, and h-index. These three classic indica-
tors are selected because they measure scholars’ academic performance from the
perspective of influence. To avoid excessive interference factors, collaboration
indicators are not included in the prediction analysis. The names, abbrevia-
tions, and descriptions of the nine indicators involved in the experiments are
summarized in Table 2 .

Table 2 The indicators of novelty for scholar’s knowledge structure

Indicator Type Name Code Description
Knowledge Structure Topic TN Temporal
Novelty Indicators Novelty advancement degree
of topics [6,31]
Topic TCN Temporal
Combina- advancement degree
tion of topic combinations
Novelty 6]
Novelty of NTDC Matching degree
Topic between topic novelty
Degree and degree centrality
Center
Novelty of NTCDC Matching degree
Topic between topic
Combina- combination novelty
tion and degree centrality
Degree
Centrality
Novelty of NTBC Matching degree
Topic between topic novelty
Unit Be- and betweenness
tweenness centrality
Centrality
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Indicator Type Name Code Description
Novelty of NTCBC Matching degree
Topic between topic
Combina- combination novelty
tion and betweenness
Between- centrality
ness
Centrality

Influence Indicators Citation C Citation count of
Count scholar’s publications
H-index H Scholar’s h-index
Journal IF Impact factor of
Impact journals where
Factor scholar’s papers are

published

3.3 Prediction Models and Evaluation Metrics

The focus of this paper is to explore the predictive capability of scholar knowl-
edge structure novelty indicators, not to pursue more powerful prediction algo-
rithms. Therefore, three classic algorithms are selected for experiments: Logistic
Regression (LR), Back Propagation Neural Network (BP), and Random Forest
(RF). LR is a generalized linear model suitable for linearly separable problems;
BP is a classic algorithm for handling non-linear problems; RF is a classic en-
semble algorithm. These three algorithms have distinct characteristics and are
used to test the effectiveness of prediction tasks.

Since this paper transforms prediction into a binary classification machine learn-
ing task—judging whether a scholar will enter the high-influence category in a
future period based on early knowledge structure novelty indicators—we adopt
the conventional F1l-score to evaluate model performance. F1l-score is the har-
monic mean of Precision and Recall, with higher values indicating better pre-
diction performance.

4.1 Data Sources and Processing

In the post-pandemic era, human health has become a global priority, mak-
ing biomedicine an increasingly hot topic in academia. Meanwhile, due to
the rich knowledge concepts in the biomedical field, some biomedical litera-
ture retrieval databases have become relatively mature. The PubMed Knowl-
edge Graph (PKG) is a large-scale knowledge base built on PubMed, jointly
developed by Professor Ying Ding, Professor Jian Xu, and their teams [34]. Tt
represents literature, concepts, entities, and their relationships from PubMed in
graph form, integrating vast amounts of biomedical knowledge. The database
uses a hybrid method for author name disambiguation, claiming an F1-value of
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98.09% for author disambiguation, indicating high data quality. Additionally,
literature in the database is annotated with subject terms from the Medical
Subject Headings (MeSH) compiled by the U.S. National Library of Medicine
(NLM). MeSH terms can summarize detailed topic concepts within papers and
have high knowledge representation capability.

Therefore, this paper statistically obtained all 29,576 MeSH major subject terms
appearing up to 2020 (the last complete data year in PKG) and recorded the
publication year of the first article indexed with each MeSH term, marking it as
the initial year when the knowledge concept entered the biomedical community.
For scholar selection, we screened scholars whose academic careers began in
2000 or later, lasted at least 15 years, and had publication counts between 5
and 300, initially obtaining data on 72,156 scholars. After further cleaning
and organization, we obtained data on 57,927 scholars with academic careers
of 20 years or more, including their published papers, MeSH subject terms,
and citation relationships between papers. Through large-scale computation,
we obtained data on paper citations and journal impact factors; simultaneously,
we constructed scholar knowledge structures and calculated novelty indicators.

4.2.1 Stratified Scholar Indicator Differences

Scholars were classified based on cumulative citation counts in the first 5 years.
We compared the early academic performance of high-influence scholars (top
10%) and ordinary scholars (bottom 90%) across various indicators, as shown
in Table 3 . The data in Table 3 shows that high-influence scholars have higher
early-career citation counts, h-index values, and journal impact factor indices
than ordinary scholars. Additionally, high-influence scholars have higher val-
ues in Topic Novelty (TN), Topic Combination Novelty (TCN), and Novelty
of Topic Combination Betweenness Centrality (NTCBC); while ordinary schol-
ars have higher values in Novelty of Topic Degree Center (NTDC), Novelty of
Topic Combination Degree Centrality (NTCDC), and Novelty of Topic Unit
Betweenness Centrality (NTBC).

Since influence indicators (C, H, IF) and novelty indicators (TN~NTCBC) have
different dimensions (novelty indicators range from 0 to 1), they are not directly
comparable. After conducting t-tests, we found significant differences in means
and standard deviations for all indicators (P < 0.001), demonstrating that the in-
dicators designed and selected in this paper are conducive to prediction. Second,
due to the inherent correlation between early and future influence, high-influence
scholars’ early indicators are significantly higher than those of ordinary scholars.
However, novelty indicators show inconsistent patterns: high-influence scholars
exhibit higher novelty at the topic and topic combination levels in early stages,
but the opposite is true for structural-level novelty (the reasons for which are
discussed in the next subsection’s correlation analysis). This inconsistency en-
hances indicator diversity and provides more options for predicting and deeply
understanding scholar knowledge structure characteristics.
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Table 3 Comparison of indicators between ordinary scholars and high
academic impact scholars

Indicator  High-Influence Scholars (Top 10%) Ordinary Scholars (Bottom 90%)

C Higher Lower
H Higher Lower
IF Higher Lower
TN Higher Lower
TCN Higher Lower
NTDC Lower Higher
NTCDC  Lower Higher
NTBC Lower Higher
NTCBC  Higher Lower

Note: All differences in means and standard deviations of indicators in the table
are statistically significant (P < 0.001).

4.2.2 Correlation Between Novelty and Influence Indicators

To further understand the relationship between scholar knowledge structure
novelty and academic influence, we conducted correlation analysis on the nine
scholar indicators involved in the experiments. Using scholars’ knowledge struc-
ture data from the first 5 years of their careers, we measured the strength of
correlation between these nine indicators using Pearson correlation coefficients.
We also measured the correlation between the nine indicators and Y (cumulative
citation count in the 15th year). The results are shown in Table 4 .

Table 4 Correlation analysis of indicators

C H IF TN TCN NTDC NTCDC NTBC NTCBC

C 1

H 089 1

IF 0.65 062 1

TN 023 021 018 1

TCN 0.15 0.14 0.12 067 1

NTDC -0.18 -0.16 -0.14 -0.056 -0.08 1

NTCDC -0.16 -0.15 -0.13 -0.06 -0.09 0.89 1

NTBC -0.12 -0.11 -0.10 -0.04 -0.07 0.78 0.75 1

NTCBC 0.13 0.12 0.11 031 0.28 -0.15 -0.13 -0.11 1

Note: All correlations are statistically significant (P < 0.001).

The results show interesting correlations between knowledge structure novelty
indicators and academic influence indicators. TN and TCN have significant pos-
itive correlations with citation count, h-index, and journal impact factor; while
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network structure-based novelty indicators show mixed results—only NTCBC
is positively correlated with academic influence, while the other three indicators
are negatively correlated. This aligns with the findings in Table 3.

Analyzing the meaning behind the indicators, scholars with higher topic or
topic combination novelty (i.e., more novel research topics) may achieve higher
academic influence. However, scholars with higher network structure novelty
(i.e., novel topics occupying central positions in the knowledge structure) show
decreased academic influence, contrary to the original design expectation but
bringing new insights for understanding scholar knowledge behavior. A possi-
ble explanation is that when nodes in overly central positions of the knowledge
structure are too novel, it indicates that the scholar has made them their pri-
mary research direction. When such topics lack support from other mature,
traditional topics, it suggests the research is too niche or specialized, making
the output more difficult for other scholars to understand and accept. Interest-
ingly, higher NTCBC often indicates that scholars have integrated old and new
knowledge, making the knowledge structure novel yet reasonable. Compared to
other network structure-based novelty indicators, NTCBC better reflects schol-
ars’ comprehensive ability to connect and apply knowledge, and therefore has a
positive relationship with academic influence.

In summary, there are significant correlations between knowledge structure nov-
elty and academic influence indicators, with differences across various indicators,
supporting subsequent prediction experiments using different indicator combi-
nations.

4.3 Prediction Results Analysis

We designed four groups of prediction experiments: single-indicator prediction,
knowledge structure novelty indicator prediction, early academic influence indi-
cator prediction, and comprehensive indicator prediction. Experiments divided
data into training and test sets at an 8:2 ratio and used 5-fold cross-validation to
ensure prediction reliability. The Fl-values of the four groups of models under
different prediction time windows are shown in the table.

Table 5 Evaluation results of four groups of experiments (F1 Score)

Indicator Type Input Variables 58—15/10—$20

Single Novelty TN 0.723 0.738
TCN 0.654 0.671
NTDC 0.712 0.728
NTCDC 0.705 0.719
NTBC 0.698 0.714
NTCBC 0.718 0.732

Influence C+H+IF 0.835 0.842

All Novelty TN+TCN+NTDC+NTCDC+NTBC+NTCBC 0.756 0.768
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Indicator Type Input Variables 58—15/10—$20
Comprehensive  All 9 indicators 0.874 0.878

4.3.1 Single-Indicator Prediction Performance Analysis

The evaluation results in Table 5 show that academic influence-related indicators
generally achieve higher prediction accuracy than scholar knowledge structure
novelty indicators. Scholars with high early influence are more likely to maintain
high influence characteristics in the next period. Although classification is based
on citation counts, scholars’ h-index shows better prediction performance than
citation counts themselves, with average accuracy above 82%, confirming the
scientific validity of the h-index [20].

Among knowledge structure novelty indicators, topic indicators generally outper-
form topic combination indicators in prediction effectiveness (Figure 3 [Figure
3: see original paper]). The best-performing indicator is TN, achieving the high-
est results across different time periods and models. A deeper understanding
reveals that the novelty of topics used by scholars in early stages greatly relates
to later academic influence, but topic combinations are too complex in principle
to be suitable as single indicators for scholar classification prediction. Addi-
tionally, the four network structure-based indicators (NTDC, NTCDC, NTBC,
and NTCBC) also outperform TCN, with maximum differences reaching 10.9%
(10$—$20, BP, NTDC vs. TCN). This is an interesting finding. In current nov-
elty research, topic combination novelty is the most commonly used indicator
besides topic novelty. Therefore, this discovery provides inspiration for future
research: network structure-level novelty indicators deserve adoption.

Figure 3 Comparison of prediction results using single novelty indi-
cators (two group experiments)

(a) Predicting the 15th-year impact based on novelty indicators from the previ-
ous H years

(b) Predicting the 20th-year impact based on novelty indicators from the previ-
ous 10 years

Combining the numerical values in Table 5 with the visual comparisons in Fig-
ures 3(a) and 3(b), we can see that different indicators and algorithms show vary-
ing performance across different prediction windows (5$—15,10—$20). How-
ever, overall prediction effectiveness remains consistent, demonstrating the ro-
bustness of novelty indicators in prediction tasks.

4.3.2 Comprehensive Indicator Prediction Performance Analysis

Using all six knowledge structure novelty indicators as variables simultaneously,
the average prediction accuracy across all time periods and models reached over
75%, higher than any single indicator included. This demonstrates the scientific
validity of the knowledge structure novelty indicator system design: measur-
ing scholar knowledge structure novelty requires comprehensive evaluation from
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multiple perspectives. Additionally, although academic influence indicators
(C+H+IF) achieve higher overall accuracy than knowledge structure novelty in-
dicators (6-indicator combination), prediction accuracy further improves when
knowledge structure novelty indicators are added to form comprehensive indica-
tors (all 9 indicators) (Figure 4 [Figure 4: see original paper]), with an average
improvement of 2.7% across different time windows and algorithms. Specifically,
in the 5$—15prediction, the RF algorithm’sF1—uvalueimproved from84.3—$20
prediction, the comprehensive indicator achieved the maximum Fl-value of
87.8% across all experiments.

It is worth noting that there is a natural autocorrelation between scholars’ early
and future influence in both connotation and numerical value, exhibiting cumu-
lative effects. However, the relationship between novelty indicators and future
influence is hidden, without numerical necessity. Achieving good prediction
results using novelty indicators demonstrates their effectiveness for scholar in-
fluence prediction in the biomedical field. Similar to Figure 3, prediction tasks
across different time windows show stable performance.

Figure 4 Comparison of prediction results using different combined
indicators (two group experiments)

(a) Predicting the 15th-year impact based on novelty indicators from the previ-
ous 5 years

(b) Predicting the 20th-year impact based on novelty indicators from the previ-
ous 10 years

4.3.3 Model Comparison Analysis

Overall, the accuracy differences among the three classification algorithms are
not substantial. In single-indicator predictions, BP performs best, as it excels at
identifying complex features and has stronger fitting capabilities for non-linear
indicators. In comprehensive indicator predictions with multi-variable input,
Random Forest shows superior performance, reflecting its ability to integrate
the respective advantages of multiple indicators.

5. Discussion and Conclusion

Using the PKG database, this study takes 57,927 scholars in the biomedical
field as research subjects, designs a set of novelty indicators based on scholar
knowledge structure characteristics, applies machine learning algorithms to pre-
dict scholars’ future influence categories, and compares them with traditional
influence-based external indicators through different indicator combination
schemes to verify the predictive performance of knowledge structure novelty
indicators. The study found that although knowledge structure novelty indica-
tors’ predictive performance is not as high as traditional influence indicators
(h-index, etc.), the comprehensive indicator system incorporating knowledge
structure novelty indicators improved prediction accuracy by an average of
2.7%. The 5-year prediction for the 15th year reached up to 87.4%, and the
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10-year prediction for the 20th year reached up to 87.8%, demonstrating that
novelty indicators can compensate for the shortcomings of relying solely on
external indicators.

Compared with previous research, this paper provides a content-based perspec-
tive from scholars’ knowledge structures, deeply #Z#& the academic value inherent
in knowledge structures, and demonstrates the effectiveness and applicability of
scholar knowledge structure novelty indicators. Under the “breaking the five-
only” policy orientation for sci-tech evaluation, the academic community needs
to explore establishing a more comprehensive, fair, and transparent academic
evaluation system. The identification and prediction of outstanding scholars
also need to start from the underlying logic of scholar innovation. Different
from traditional academic achievement indicators, scholar knowledge structure
novelty focuses on measuring scholars’ comprehensive qualities and deep-level
knowledge contributions, not relying on the “quantity” of academic achieve-
ments but paying more attention to the innovative potential contained within,
providing new thinking for scholar influence prediction work. Meanwhile, this
study also provides inspiration for innovative design of novelty evaluation in-
dicators: indicators based on scholar knowledge structure characteristics (such
as NTDC, NTCBC) have better predictive capability than topic combination
novelty indicators.

This study has several limitations: First, the experiments are conducted in
the biomedical field, and whether the predictive performance of the designed
knowledge structure novelty indicators adapts to other fields remains to be ver-
ified. However, the indicators themselves are not domain-restricted. Since the
PubMed database underlying PKG annotates papers with controlled subject
terms, reducing the cost of knowledge structure construction; when studying
other disciplines (e.g., humanities and social sciences lacking controlled sub-
ject term annotations), one can follow the approach in literature [10] to ex-
tract topics through natural language processing techniques, construct knowl-
edge networks, and calculate knowledge structure novelty indicators under long
time-span datasets to conduct prediction tasks. Second, this study uses tradi-
tional binary classification models and long-period experiments across two time
segments to validate indicator performance, leaving room for improvement in
parameter adjustment granularity and indicator combination richness. Future
work will incorporate factors such as scholar stratification ratios (e.g., identifying
top 2%, top 5% scholars as outstanding) and influence indicator autocorrelation
into the research scope to further refine experimental designs. Additionally,
investigating the predictive capability of early knowledge structure novelty for
future disruptive achievements [29] is also an interesting direction.
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