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Abstract

[Purpose/Significance] For national governments, large and medium-sized en-
terprises, and research institutions, finding suitable experts when facing tech-
nical difficulties is an urgent problem. When confronting comprehensive and
complex problems that require multidisciplinary knowledge to solve, identifying
experts with multiple expertise becomes particularly important. The purpose
of this study is to find a suitable method to identify such multi-expertise ex-
perts. [Method/Process] This study utilizes academic paper data published
by experts, extracts representative research expertise features, and employs a
TFIDF-weighted overlapping K-means clustering algorithm to perform overlap-
ping clustering of experts, thereby mining their multiple research expertise and
identifying multi-expertise experts. [Results/Conclusions] The research results
demonstrate that the TFIDF-weighted overlapping K-means clustering algo-
rithm exhibits good performance in terms of precision, recall, and F-value, and
can effectively identify experts with multiple expertise.
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Abstract

[Purpose/Significance] When confronting technical challenges, national gov-
ernments, large and medium-sized enterprises, and research institutions ur-
gently need to identify appropriate experts. For complex interdisciplinary prob-
lems, finding multi-expertise researchers is particularly crucial. This study aims
to develop a suitable method for identifying such multi-expertise researchers.
[Method/Process] Using academic publication data, we extracted represen-
tative research expertise features from experts and applied a TF-IDF weighted
overlapping K-means clustering algorithm to partition experts into overlapping
clusters, thereby uncovering multiple research expertise areas and identifying
multi-expertise researchers. [Results/Conclusion] Results demonstrate that
the TF-IDF weighted overlapping K-means algorithm performs well in terms
of precision, recall, and F-value, proving effective for multi-expertise researcher
identification.

Keywords: expert identification; overlapping K-means; multi-expertise re-
searcher; big data; TF-IDF
Classification Number: G316

1 Introduction

In today’s increasingly competitive international and commercial environment,
the ability to rapidly understand and analyze needs while providing efficient
solutions is a key determinant of success. In our knowledge-driven society,
urgent knowledge demands are becoming more apparent, and expert identifica-
tion and recommendation—hot topics in information retrieval and knowledge
management—have attracted growing attention. The goal of expert identifica-
tion is to discover domain experts with rich professional knowledge, skills, and
experience through systematic methods, enabling organizations to form teams,
guide R&D, and solve technical problems, thereby improving work and produc-
tion efficiency [1].

Currently, national governments, large and medium-sized enterprises, and re-
search institutions face difficulties in selecting and discovering technical experts
[4]. Previous studies often used an expert’s most productive research area to
represent their expertise, but in reality, experts frequently possess multiple re-
search specializations [5]. Identifying and recognizing these multiple expertise
areas enables better expert evaluation and recommendation. Moreover, most
prior research employed non-overlapping clustering methods that uniquely as-
signed experts to a single category, ignoring their multiple research strengths
and failing to identify multi-expertise researchers. To address this limitation,
this paper adopts an overlapping clustering algorithm to cluster experts, avoid-
ing information loss from non-overlapping clustering while better representing
expert expertise and uncovering multi-expertise researchers.

Accordingly, this study uses experts’ published academic papers as data, em-
ploys a vector space model to represent expert knowledge, and utilizes TF-
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IDF (Term Frequency-Inverse Document Frequency) weighted overlapping K-
means clustering algorithm [6] to cluster experts and identify multi-expertise
researchers. We demonstrate our approach through a case study of experts in
the big data field.

2 Literature Review

Expertise identification forms the foundation for expert selection and recommen-
dation. Early methods primarily relied on experts’ self-reported specializations
to build databases, using traditional database query languages for identifica-
tion. However, this approach suffers from subjectivity and lacks timeliness in
database updates [7]. Consequently, scholars have attempted to analyze exper-
tise using document data (papers, patents, project reports, etc.) [8-10] and
behavioral data (social tags, community groups, etc.) [11]. Methodologically,
current expertise identification research mainly employs ontology-based meth-
ods, topology-based community detection algorithms, and topic-based expert
clustering methods [12].

Ontology-based expertise identification methods construct domain ontologies
to effectively capture semantic relationships between keywords [13-14], thereby
enabling expertise recognition. Hu Yuehong et al. [15] built an ontology for
the information science field using Formal Concept Analysis (FCA) and associ-
ation rule analysis, mapping keywords to ontology concepts to transition from
keyword-based to ontology-based expertise descriptions. Liu Xinmin et al. [16]
proposed a four-layer fuzzy ontology extension framework and established a
fuzzy ontology for the science and technology evaluation domain to facilitate
expert selection.

Topology-based methods approach the problem from network structure perspec-
tives, treating experts as network nodes and their relationships as edges to con-
struct models such as co-author networks, author coupling networks [17], and
co-citation networks. Y. Li et al. [18] utilized Shannon entropy to calculate
network information for expert community mining through citation networks.
B. Dom et al. [11] applied graph-theoretic ranking algorithms for expert com-
munity analysis. Gong Jun et al. [19] used spectral partitioning algorithms and
modularity metrics to divide expertise areas. Liu Ping et al. [20] employed
keyword co-occurrence networks with community detection methods to cluster
keywords and identify expert specializations.

Topic-based expert clustering methods [21-22] use text mining to discover re-
search interests and scopes, grouping experts with similar interests [23]. Main
algorithms include hierarchical clustering for identifying research topic hierar-
chies, and topic models such as LDA [25] and PLSA [26]. Zhang Xiaojuan et
al. [7] applied PLSA to identify expertise in library and information science,
determining expert research areas through document-topic and topic-keyword
matrices.

Ontology-based identification often requires substantial time and effort to con-
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struct domain ontologies, while topology-based community discovery may not
adequately represent relationships between communities, and expertise identifi-
cation lacks analysis of research content. Topic-based clustering better expresses
semantics and offers clear advantages when processing large datasets. Therefore,
this study selects topic-based expert clustering for expertise identification.

For topic-based methods, two key factors affect identification effectiveness: how
to represent expertise through text and how to calculate expert membership
across topics. Keywords from published papers, project proposals, and social
tags have been used to represent expertise, with paper keywords being partic-
ularly effective for concrete representation. Traditional clustering algorithms
often assign experts to only one category, yet most experts possess multiple
research strengths, causing information loss during clustering. This study ad-
dresses this by introducing overlapping clustering concepts. Overlapping cluster-
ing algorithms [27-28] mine each object’s membership degree across categories,
enabling more accurate and comprehensive classification through appropriate
threshold settings. This has led to the development of topic-based overlapping
expert clustering methods, an area where research remains relatively scarce and
where this study aims to contribute.

3 Research Methodology

Identifying expertise through topic-based clustering requires first using appro-
priate keywords to represent expert knowledge—the foundation of expertise
identification—and second, employing suitable clustering algorithms to calcu-
late expert membership across topics—the key to identification. This section
elaborates on the methodology from two perspectives: expert-keyword matrix
construction and overlapping clustering algorithm analysis.

3.1 Expert-Keyword Matrix Construction

Experts’ published papers, patents, and projects contain rich knowledge. Ex-
tracting effective information to enhance knowledge discovery capabilities is a
major concern in information science research. The first step in expertise iden-
tification involves screening and processing expert texts, selecting appropriate
keywords to represent knowledge, and constructing an expert-keyword matrix
according to specific rules.

3.1.1 Keyword Acquisition Numerous studies in information and library
science have developed analysis techniques centered on keywords [29]. First,
keywords are obtained from scientific literature, either from author-provided
keywords or through natural language processing. Second, stopword lists and
common word lists for scientific journals remove meaningless or universally oc-
curring terms. Third, stemming and fuzzy semantic processing clean variations
including noun forms, plurals, and tenses, while manually constructed abbrevia-
tion tables merge full terms with abbreviations. Finally, appropriate keywords
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are selected based on frequency or TF-IDF values to represent domain expertise.

3.1.2 Expert-Keyword Matrix Construction Based on acquired
keywords representing expert knowledge, we construct an expert-keyword co-
occurrence matrix [30-32]. Assigning weights to features is a common method
to enhance discriminative ability in text classification, with studies showing
that feature weighting significantly impacts classification effectiveness [33]. In
this research, we assign different weights to keywords during expert clustering
to achieve better results. TF-IDF is a widely used weighting technique in
information retrieval and data mining [34], based on the principle that terms
appearing frequently in a document but rarely in other documents have strong
category discrimination capability. TF-IDF = TF x IDF, where TF is term
frequency and IDF is inverse document frequency.

We construct the expert-keyword matrix with experts as row vectors and key-
words as column vectors:

tfin oty
tfnl tfnp

where tf;; represents the frequency of keyword j in publications by ex-
pert 1. Calculating TF-IDF for keywords yields vector TFIDF =
(tfidfy,tfidfy,....,tfidf,), where tfidf; is the TF-IDF value of keyword
j. The final TF-IDF weighted expert-keyword matrix is:

th X tfidfy -t x tfid,
Loy X tfidfy - tfy, % tfidf,

3.2 Overlapping K-means Clustering Algorithm

This study employs the overlapping K-means algorithm proposed by G. Cleuziou
[6] for expert clustering, with weighted improvements. Unlike traditional K-
means, overlapping K-means assigns each data point to one or multiple clus-
ters. Advantages include: (1) allowing point assignment to multiple clusters;
(2) more objectively reflecting point positions through convergence conditions;
(3) continuous data processing with wide applications in image recognition; and
(4) low computational complexity offering time advantages for large datasets.
These benefits address the limitation of previous expertise identification studies
that recognized only one expertise area per expert, avoiding information loss
and enabling comprehensive expertise mining.

The overlapping K-means algorithm comprises two processes: clustering and
point assignment.
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3.2.1 Clustering Process The clustering process iteratively updates
cluster centers to minimize within-cluster differences and maximize between-
cluster differences. FEach expert is represented by a p-dimensional vector
x; = (T;1, %9, .+, T;,), With the expert set denoted as X = {z;}iL,. The steps
to cluster n experts into k overlapping clusters are:

1. Randomly select k initial points as cluster centers, denoted {m(c0> k.

2. Calculate distances from each x; to the k centers, assign it to the near-

est cluster, obtaining a cover {77&0)}’3:1 of X, where A; = {m_|z; € 7.}
represents the set of clusters to which z; belongs.

Set ¢t = 0.

For each cluster {7'(?) k_|, compute new centers mzt“) = PROTOTYPE(W;?).
5. Perform new cluster assignment by computing assignment function
A = ASSIGN (z;, {mgH) k_,) to obtain new cover {W(ct+1) k

7 c=1"

6. Compute objective function value I({m,}) = > _ dist(z;, ¢(z;)). If
tnaz > tor I({m}) —I({m1}) > € set t =t + 1 and return to step 4;

=~ w

otherwise, end the loop and output {ﬂétﬂ) k.
The prototype calculation method is: mﬁfﬂ) = PROTOTYPE(ﬂ'gt)) =

Zmieﬂh’ QMg
x Emy O

which z; belongs, |4,| is the number of clusters containing x;, and the mapping

of data point z; in cluster h is m; = |4;|x; — >

, where a; = 7, A; = {m,|z; € 7.} represents the cluster set to

mCEAi {mh} mc '

3.2.2 Point Assignment Process The point assignment process computes
the assignment function by determining each expert’s membership degree across
categories during each iteration to find the optimal assignment.

1. Let A, = {m*}, where m* = arg min r(dist(z;,m,)), and compute

chEAi Me

o(x;) = [4,]

2. Find the nearest center point m’ not already assigned: m’ =
argmin,_; 4 (dist(z;,m.)), and compute ¢’(z;) under new assignment
A u{m'}.

3.1 lo; — ¢ ()| < llw; — d(x;)], update A; < {m'}, set d(x;) = ¢'(x;), and
return to step 2; otherwise, compute ¢,;4(z;) under original assignment.
If dist(z;, d(x;)) < dist(z;, dyq(x;)), output A;; otherwise, output A,;,.

Through overlapping K-means clustering, we obtain each expert’s cluster mem-
berships. Each cluster represents a research expertise area, and an expert’s
cluster assignments indicate their research strengths. Experts belonging to mul-
tiple clusters are identified as multi-expertise researchers.
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4 Case Study: Multi-Expertise Researchers in Big Data
4.1 Empirical Data Selection

This study selected papers indexed in SCIE/SSCI from the Web of Science
Core Collection in the big data field. Retrieval strategy quality directly affects
result quality and final analysis accuracy. After reviewing extensive literature,
we adopted a rigorous search strategy [36]. The search query was: TS=((“Big
Data” or Bigdata) OR (((Big NEAR/1 Data or Huge NEAR/1 Data) OR “Mas-
sive Data” OR “Huge Information” OR “Big Information” OR “Large-scale
Data” OR “Semi-Structured Data” OR “Unstructured Data”) AND (“analytic”
OR 7analyz” OR ”analys*”))), with the time range set from 2008 to 2016, yield-
ing 17,381 papers.

Keywords can represent article themes to some extent, but require processing
due to unstandardized vocabulary, synonyms, near-synonyms, and meaningless
terms. Processing steps included: (1) merging author keywords and Keywords
Plus fields, obtaining 39,394 keywords; (2) using VantagePoint’s fuzzy matching
module [37] to eliminate singular/plural forms and morphological variations
(e.g., merging “networks” and “network” into “network”), reducing to 35,426
keywords; (3) creating manual abbreviation tables to merge abbreviations with
full terms (e.g., merging “HDF” and “Hierarchical Data Format”), resulting in
35,299 final keywords.

Small sample sizes yield poor cluster interpretability, while excessively large
samples make manual labeling for accuracy assessment impractical. Therefore,
we selected 137 experts with 10+ publications (from 47,489 total authors) for
clustering analysis. Keywords should be both representative and comprehensive;
the top 251 keywords with frequency >40 covered 71.7% of articles, so we used
these 251 keywords to classify experts.

Based on the constructed 137$x$251 author-keyword matrix, we performed clus-
tering calculations. Overlapping K-means requires setting cluster numbers and
selecting initial centers. We determined these based on big data domain litera-
ture and keyword principal component analysis (PCA). Reading domain reviews
and reports [38], big data research divides into three aspects: (1) basic theoret-
ical research (origins, concepts, characteristics, architectures, significance); (2)
storage and analysis technologies (cloud computing, Hadoop, MapReduce algo-
rithms, data mining, clustering, and other techniques); (3) application research
(gene sequencing in biomedicine, social network mining, etc.). The 2014 Big
Data White Paper [39] identifies five key stages from data source to value: prepa-
ration, storage/management, processing, analysis, and knowledge presentation,
with storage and analysis being critical. Application development remains in
early stages requiring support.

PCA of the top 251 keywords yielded 12 categories: Classification, Lasso, Rec-
ommenderSystem, Hadoop, Hadoop(2), City, Gene, Managers, Massspectrome-
try, Risk, Thing, and Twitter [Figure 1: see original paper|. Classification and
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Lasso showed correlation; RecommenderSystem, Hadoop, Hadoop(2), Gene, and
Massspectrometry were correlated; City, Managers, Thing, and Twitter were
correlated. These 12 components also divided into three main groups, consis-
tent with literature and industry reports.

Thus, we divided the big data field into three categories: (1) Basic theoreti-
cal research (represented by Classification, Lasso, etc.); (2) Storage and anal-
ysis processing technologies (represented by CloudCompute, Hadoop, MapRe-
duce, RecommenderSystem, etc.); (3) Application research (represented by In-
ternetof Thing, SmartCity, Twitter, Gene, Manager, etc.).

K-means algorithms are sensitive to initial centers, with results varying based
on different inputs [41]. We selected representative experts after PCA. A.J.
Jara published 12 papers, 11 focusing on big data applications, making him the
application research representative. Similarly, S. Fong represents basic research,
and X. Zhang represents storage and analysis processing technologies.

4.2 Empirical Analysis Results

Table 1 shows expertise identification results from overlapping K-means and
TF-IDF weighted overlapping K-means (listing top 20 experts by publication
count). Results are sorted by membership degree across categories. For exam-
ple, top-ranked L. Wang’s clustering result “2,1,3” indicates primary expertise
in storage and analysis processing, with involvement in basic theory and appli-
cation research. The top two experts in the table have research across all three
areas, qualifying as multi-expertise researchers.

Statistical analysis of clustering results (Figures 2 [Figure 2: see original paper]
and 3 [Figure 3: see original paper]|) shows that overlapping K-means identified
65 multi-expertise researchers (47.4% of all experts). The TF-IDF weighted
version identified 40.9% with overlapping expertise in storage/analysis and ap-
plication research, indicating many experts conduct technical research while
simultaneously focusing on applied studies—consistent with big data technol-
ogy transitioning from basic research to practical applications in smart cities,
IoT, healthcare, e-commerce, transportation, security, and communications.

4.3 Empirical Results Evaluation

We invited five big data domain experts to manually label the 137 researchers’
expertise as evaluation criteria. First, we introduced our classification stan-
dards and boundaries. Domain experts then categorized each author’s papers;
if all five agreed, the label was confirmed. Disagreements were resolved through
discussion after re-reading disputed papers.

This yielded manual labels for all 137 authors (Table 1 shows labels sorted
by article count per category). Some experts received identical results from
both methods (e.g., top-ranked L. Wang published 35 papers covering basic
theory like algorithm improvements, storage/analysis like G-Hadoop, and appli-
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cations like IoT). Differences also emerged: J. Wang (ranked 16th) was assigned
to basic theory and storage/analysis by overlapping K-means, but only to stor-
age/analysis by the TF-IDF weighted version—consistent with manual labeling.
TF-IDF enhances category discrimination, giving greater influence to discrimi-
native keywords during clustering, optimizing results and preventing the original
algorithm from overestimating multi-expertise researchers.

Comparing both methods against manual labels, we calculated precision, recall,
and F-values (Table 2 ).

Table 2 Clustering Results Evaluation

Category Category Category
1 Category 2 Category 3 Category Avg
Pre- 1 Categorfre- 2 Categofre- 3 Categoryre- Avg Avg

ci- Re- 1F- ci- Re- 2F- ci- Re- 3F- c¢- Re F-
Methimh  call value sion call value sion call value sion call value

Oved2186i1e69.23% 52.94% 76.92% 83.33% 80.00% 63.46% 73.08% 73.55% 97.80%3.96%3.74%
K-

means

TF- 83.33% 76.92% 80.00% 88.00% 92.31% 77.06% 84.00% 88.37% 80.00%- - -
IDF

weighted

Over-

lap-

ping

K-

means

While overlapping K-means alone produced suboptimal results, the TF-IDF
weighted version showed strong performance: average recall reached 81.73%,
average precision 83.11%, and average F-value 81.75%. This confirms that the
proposed method accurately and efficiently identifies expert expertise.

Comparative analysis shows the TF-IDF weighted version significantly outper-
formed the baseline: Category 1 precision improved by 40.48% (from 42.86%
to 83.33%), recall by 7.69%; Category 2 precision improved by 0.37%, recall by
9.62%; Category 3 precision improved by 3.51% while recall decreased by 5.49%,
but the overall average improved by 3.94%. F-values increased by 27.06%,
6.26%, and 0.04% respectively, with an average improvement of 11.12%. No-
tably, Category 1’s original recall, precision, and F-value were all below 70%,
likely due to fewer experts in basic theory research and low inter-expert dis-
crimination. After TF-IDF weighting, Category 1 precision rose to 83.33% and
recall to 76.92%, demonstrating that TF-IDF weighting significantly improves
identification effectiveness when data is limited.
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5 Conclusion and Future Work

As research subjects, experts often possess multiple research interests, giving
them irreplaceable advantages in interdisciplinary and fusion research. Tra-
ditional classification methods uniquely assign experts to single domains, ne-
glecting multi-expertise researcher identification. To address this, we applied
overlapping K-means clustering and innovatively proposed a TF-IDF weighted
overlapping K-means algorithm for expert analysis. Our big data case study of
137 SCI/SSCI authors with 10+ publications revealed most experts cover multi-
ple research directions, with substantial overlap between storage/analysis tech-
nology and application research. The TF-IDF weighted overlapping K-means
algorithm demonstrated strong performance in precision, recall, and F-value,
enabling accurate and efficient expertise identification.

This method addresses limitations in traditional expertise identification re-
search, with experimental results confirming its effectiveness for multi-expertise
researcher identification.

However, limitations remain. K-means requires predetermined cluster numbers
and initial centers—a constraint overlapping K-means cannot overcome. We
defined expertise categories and cluster numbers based on domain reports and
literature, but our classification granularity is coarse without deep technical
details, yielding broad expertise identification. Future research will examine
fine-grained classification. Additionally, manual selection of initial center rep-
resentatives may impact results—a factor worth investigating. This study used
Euclidean distance; future work will analyze alternative distance metrics like
cosine distance to better characterize inter-expert distances and optimize clus-
tering.
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