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Abstract

This study systematically reviews scholar profiling research to provide references
for related investigations. Through literature investigation and analysis, it dis-
tinguishes and examines the concepts of scholar profiling and related notions,
summarizes the construction process, key technologies, and primary applications
of scholar profiling, and analyzes the current challenges facing this research. The
construction process of scholar profiles comprises data collection, data prepro-
cessing, scholar tag construction, and visual analysis; the main practical applica-
tions include expert recommendation, academic resource recommendation, and
research capability evaluation. Current research faces challenges such as the dif-
ficulty of acquiring and fusing multi-source data, the complexity of dynamically
updating scholar profiles, and the lack of effective evaluation mechanisms.
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Abstract: [Purpose/Significance] This paper systematically reviews research
on scholar profiling to provide a reference for related studies. [Method/Process|
Through literature research and analysis, this paper distinguishes scholar pro-
filing from related concepts, summarizes the construction process, key technolo-
gies, and main applications of scholar profiling, and analyzes current research
challenges. [Result/Conclusion] The scholar profiling construction process in-
cludes data collection, data preprocessing, scholar label construction, and vi-
sual analysis. Primary applications include expert recommendation, academic
resource recommendation, and research capability evaluation. Current research
faces challenges such as difficulty in multi-source data acquisition and fusion,
challenges in dynamic updating of scholar profiles, and lack of effective evalua-
tion mechanisms.
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In the era of big data, user profiling—enriched by abundant data resources and
broad application prospects—has gradually become a research hotspot in library
and information science. User profiling aims to be user-centered, extracting
multi-dimensional user information from multi-source data to generate a series
of labels that characterize user features. As a data service tool for depicting
user characteristics and mining user needs, user profiling has been widely ap-
plied in libraries, e-commerce, social media, and smart healthcare [1-4]. With
the rapid growth and accumulation of academic big data, managing and ana-
lyzing multi-source heterogeneous academic data has become a new challenge.
Scholar profiling is a method that organizes and manages academic big data
with researchers as the basic unit. Unlike general user profiling, scholar profil-
ing targets researchers and aims to outline a comprehensive picture of scholars
from massive academic data, offering broad application prospects in academic
behavior analysis, scholar recommendation, and scholar evaluation.

The focus of scholar profiling is to characterize the attribute features of dif-
ferent scholars, which differs from general user profiling in research objects,
data sources, technical methods, and application scenarios. Current research
on scholar profiling primarily concentrates on its concept [5], construction pro-
cess, and application studies. Research on construction methods includes data
source identification, scholar profile dimension design [6], multi-source data fu-
sion techniques [7-9], automatic extraction of scholar labels [8], and visualiza-
tion of scholar profiles. Application studies based on scholar profiling include
research collaborator recommendation [6] and discovery of scholars’ research
interests [10]. These studies demonstrate that scholar profiling research has
achieved certain progress.

Some domestic scholars have summarized relevant research on user profiling con-
cepts, methods, technologies, models, and applications from macro and micro
perspectives [11-14]. However, regarding scholar profiling reviews, only Yuan
Sha et al. [15] in 2018 provided a technical overview, identified problems, and
discussed future directions from a computer science perspective, lacking a sum-
mary of model construction and main applications. In recent years, with the
development of scholar profiling research, scholars have further explored the
field from perspectives of data sources, model construction, technical methods,
and application domains, proposing new scholar profiling models and applica-
tion directions. Meanwhile, some controversies remain regarding the conceptual
origins of scholar profiling. Therefore, this study first sorts out the concepts and
construction process of scholar profiling, summarizes its main application direc-
tions and challenges, and prospects future research trends to provide references
for related research.
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1 Conceptual Analysis of Scholar Profiling and User Pro-
filing

Some studies suggest that the concept of user profiling was first proposed by in-
teraction design pioneer Alan Cooper in his 1999 book The Inmates Are Running
the Asylum [7,12]. However, Cooper did not directly mention “user profiling”
in the book. The relevant original text states that “A persona is a fictitious,
specific and concrete representation of target users” [16]. The term “persona”
mentioned here refers to using a fictional yet specific user to represent target
users, thus it is usually translated as “typical user” or “user role.” Persona
is not the same concept as the precise user profiles constructed using data in
many studies, so it is inaccurate to regard Cooper’ s work as the origin of user
profiling.

Another concept related to the origin of user profiling is “user profile.” Cooper
explicitly defined persona and user profile as two completely different design
tools in his 2007 book About Face 3: The Essentials of Interaction Design [17].
Baxter et al. defined user profile as a detailed description of user attributes, such
as job title, experience, education level, key tasks, age range, etc., representing
a non-singular, exhaustive feature set of users [18]. The user profile concept
is commonly used in computer science fields such as information filtering, tag
recommendation systems [19], and personalized document retrieval [20]. Overall,
both in definition and application scenarios, user profile better aligns with the
definition of “user profiling” used in most domestic research: extracting user
information from massive data and constructing a set of user labels [21].

Scholar profiling is an important branch of user profiling research. The research
object of scholar profiling is researchers. As early as 2007, L. Yao et al. first men-
tioned that “unlike traditional user profiles established through manual input,
they focus on how to automatically construct profiles for researchers using a uni-
fied approach by integrating dependency relationships between different types
of information” [22]. Later, Fan Xiaoyu et al. defined researcher profiles as con-
structing labeled user models based on researchers’ social attributes, research
habits, and behaviors [23]. Yuan Sha et al. believe that scholar profiling is a pro-
cess of automatically obtaining multi-dimensional information for constructing
researcher user models from the open Internet through computer technology,
thereby conducting data mining and application analysis to support specific
applications such as expert selection and recommendation [15]. Unlike general
user profiling, Qin Chenglei et al. emphasize that the core of scholar profiling
is based on characteristics such as high data authority, large data scale, and
easy data acquisition. Compared with general user profiling, scholar profiling is
more accurate and involves deeper analysis.
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2 Scholar Profiling Construction Process and Key Tech-
nologies

Scholar profiling construction methods and technologies are the research focus
of this field. Currently, many studies have elaborated on the user profiling
construction process from different perspectives and levels. Such research [25-
26] often summarizes the user profiling construction process into steps such
as collecting user feature data, extracting user feature information, and build-
ing user profile models. Scholar profiling differs from general user profiling in
data sources, label system design, and applications. Wang Ruijie summarized
the scholar profiling construction process into a data information layer, data
processing layer, and profile analysis layer, where information in the profile
analysis layer is divided into basic and advanced dimensions [27]. Chi Xuehua’
s research divided profile construction into three parts: personal information
description, research interest label discovery, and academic influence predic-
tion, and summarized the key technologies of information extraction and text
classification involved [28]. Fan Xiaoyu et al. conducted scholar profiling visu-
alization research after completing model representation and label extraction
[23]. Based on the above scholar profiling studies, the research framework for
big data-based scholar profiling construction mainly includes four components:
multi-source scholar data collection, data preprocessing, scholar label construc-
tion, and scholar profiling visualization [Figure 1: see original paper].

2.1 Data Sources and Collection Methods

In the era of academic big data, large academic databases, academic search en-
gines, and academic social media platforms contain massive amounts of scholar-
related achievement and behavioral data, providing a solid data foundation for
scholar profiling. Scholar profiling data includes different types such as scholar
personal data, research achievement data, and research social data. The data
sources for these three categories are shown in Table 1 .

Scholar personal data refers to scholars’ demographic characteristics, mainly
including name, education, affiliation, title, and other data. Such data primar-
ily comes from online websites and academic search engines such as scholars’
personal homepages, Baidu Baike, Wikipedia, and the Aminer platform [29],
where Aminer is a technology intelligence analysis and mining platform based
on three types of data: researchers, scientific literature, and academic activities,
currently containing 84 million researcher data. Personal data sources are ex-
tensive with inconsistent data structures, posing significant challenges to data
collection. Current mainstream methods for obtaining scholar personal data
mainly include two categories: one uses rule-based methods to extract required
information such as name, affiliation, and address from search engine results or
scholar homepages [28]; the other adopts machine learning algorithms such as
CRF and LSTM sequence labeling models for entity recognition from collected
homepage content [30]. However, existing machine learning-based automatic
scholar homepage recognition technology cannot achieve high recognition rates,
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and a considerable proportion of experts and scholars still lack homepages or
cannot be found through search engines [22].

Research achievement data is an important data source for constructing scholar
profiles, mainly including academic papers, monographs, research projects, and
patents. Research achievement data primarily exists in various academic infor-
mation databases. Chinese data comes from the three major domestic electronic
literature databases—CNKI, Wanfang, and Weipu [31], while foreign data comes
from Web of Science and other academic databases [32]. These databases gen-
erally provide data export services in common formats, though web scraping
can also be used for more comprehensive and flexible data capture. Currently,
many digital libraries and academic search engines on the Internet, such as
DBLP (Digital Bibliography & Library Project), CiteSeerX, ACM, and Google
Scholar, can also serve as supplements to research achievement data. Addition-
ally, there are databases storing project information for the National Natural
Science Foundation and National Social Science Foundation, as well as the China
Patent Database for patent data.

Academic research social data is generated when researchers use academic so-
cial websites, including follow, interaction, and comment data. Academic social
networking sites are platforms that help researchers conduct academic research-
related communication and collaboration via the Internet. Unlike general social
networking sites, academic social networking sites aim at academic exchange
and cooperation. Currently, well-known foreign academic social platforms in-
clude ResearchGate [33] and Academia [34], while domestic platforms include
ScholarNet [35] and XiaoMuChong. Additionally, co-authorship relationships in
research achievements can serve as effective supplements to scholar social data.

Finally, data from different sources needs to be integrated and uniformly stored
in databases for management. Different sources use varying description stan-
dards for experts and scholars, so it is first necessary to construct a unified
metadata field table to map data from different sources to unified metadata
fields, achieving multi-source data fusion. The biggest challenge in data fusion
is the scholar entity disambiguation problem. Some research has explored this
from perspectives such as semantic similarity [40], paper feature model similar-
ity [41], and combined rule and feature model similarity [42]. However, existing
scholar entity disambiguation methods still have room for improvement in accu-
racy, and future deep learning methods could further enhance disambiguation
effects [43].

2.2 Data Preprocessing and Key Technologies

Scholar profiling data is multi-source and heterogeneous, requiring raw data to
be cleaned and effectively fused to transform it into data suitable for construct-
ing expert scholar profile models. Scholar profiling data preprocessing generally
includes three steps: data cleaning, information extraction, and data fusion. In
recent years, scholar profiling research has seen new explorations in data prepro-
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cessing. This paper summarizes the methods and technologies in preprocessing
steps and some latest tools from a practical application perspective.

First, raw data needs to be cleaned to address data missing and redundancy
issues. For missing data, supplementary approaches such as search engine re-
trieval or adding other data sources can be used. For example, L. Yao et al. ex-
tracted personal information from Wikipedia for researchers without scholar
homepages [22]; M. Bravo et al. chose to extract publication data from DBLP
to enrich original university researcher data [36]. For data redundancy, dupli-
cate data needs to be deleted to ensure data uniqueness.

Second, required fields need to be extracted from text data. In scholar per-
sonal homepages, basic personal information is usually unstructured text data,
requiring information extraction from unstructured text. The key technology
involved is Named Entity Recognition (NER). NER, technology is an important
foundation for information extraction, referring to extracting specified types of
entities from natural language text. In the scholar profiling field, when process-
ing scholar personal data, the main entities extracted include name, position,
institution, email, etc. NER methods mainly include rule-based learning meth-
ods, statistical machine learning methods, and deep learning methods. Early
NER work mostly used manually compiled dictionaries and rules, which had
high accuracy but low recall, were time-consuming, language-dependent, and
had poor scalability. Statistical machine learning methods treat NER as a clas-
sification or sequence labeling problem [37], using manually annotated corpus to
train classical machine learning classifiers such as HMM, ME, CRF, and SVM.
The difficulty of such methods lies in requiring large-scale training corpus and
how to construct feature engineering. Currently, deep learning methods are
commonly used for entity recognition from unstructured text such as scholar
homepages. This method uses word vectors to represent words and character
vectors to represent characters, utilizing deep neural networks to solve the fea-
ture engineering construction problem of statistical machine learning methods
and achieving good results. Commonly used NER tools include the Chinese
Academy of Sciences’ NLPIR system [38], Stanford’ s Stanza, and Harbin Insti-
tute of Technology’ s LTP system [39].

Finally, data from different sources needs to be integrated and uniformly man-
aged. The biggest challenge in data fusion is the scholar entity disambiguation
problem, which has been explored from perspectives such as semantic similarity
[40], paper feature model similarity [41], and combined rule and feature model
similarity [42]. However, existing methods still have room for improvement in
accuracy, and future deep learning methods could further enhance entity dis-
ambiguation effects [43].

2.3 Scholar Label Construction

Scholar label construction is the process of mining scholar data, extracting
scholar features, and identifying these features with standardized phrases.
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Scholar labels have characteristics such as standardization, short text, seman-
ticization, and specificity [44]. Scholar profiling labels can be divided into
four categories: personal attribute labels, research interest attribute labels,
academic capability labels, and scholar social labels.

Scholar personal attribute labels describe basic personal features, such as name,
age, title, and educational background. Generally, personal attribute labels are
relatively stable and do not change significantly in the short term. The source of
personal attribute labels is mainly information extraction from scholar personal
data. Additionally, some personal attribute labels can be artificially constructed
according to specific tasks, such as academic age and institutional geographic
distance [6].

Research interest attribute labels are the core of the scholar label system and are
commonly used in expert recommendation scenarios. The number and content
of research interest labels have no unified standard and are often constructed
based on different application scenarios. Research interest labels mainly come
from scholars’ research achievement data. The most direct method is to use
keywords from scholars’ published papers as interest labels. However, the num-
ber of keywords is large and their quality varies, and some keywords cannot
illustrate scholars’ interest topics. Therefore, some scholars use algorithms such
as LSI [45], LDA, and Doc2Vec [46] to mine scholars’ research interest labels
from relevant research achievements. Some scholars also extract terms represent-
ing scholars’ research interests from different online data sources and integrate
relevant terms representing research interests through Wikipedia to represent
scholars’ research interests [47]. Additionally, Shi Xiang et al. [48] found through
reviewing literature on scholar interest identification that current research on
scholar interest identification at the vocabulary-topic level is relatively mature,
and future research directions mainly focus on network-level interest identifica-
tion.

Scholar academic capability labels are also an important component of the
scholar profiling label system. Scholars’ academic capabilities can be reflected
from two aspects: the quality of academic achievements and academic influence.
The quality of academic achievements can be represented by indicators such as
the level of published journals, the level of hosted funds, and the authority of
affiliated institutions. Scholars’ academic influence is commonly represented by
derived indices such as the h-index and g-index [49-50].

Scholar relationship labels mainly come from research social data and research
achievement data. Research social data is generated when researchers use aca-
demic social platforms. Common academic social websites include foreign plat-
forms such as ResearchGate, Academia.edu, and domestic platforms such as
Research Friend and ScholarNet. Such websites provide social data including
followed scholars, questions, and answers. Additionally, scholars’ cooperative re-
lationship networks can be obtained from co-authorship relationships in research
achievements such as papers.
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2.4 Scholar Profiling Visualization Analysis

Scholar profiling visualization refers to presenting the previously constructed
large number of different types and weighted scholar profiling labels in graphical
forms, which can intuitively and clearly display and analyze various attributes
of experts and scholars. Among them, building tag clouds for user information
is a commonly used visualization method. This method can build word clouds
with different-sized tags according to different label weights, visually presenting
user information. Many mature tools are now available for user tag visualiza-
tion, such as WordArt, tagCloud, Tagul [51], and Tagxedo [52]. Additionally,
visualization methods can be used to analyze scholars’ rich research achievement
data. Some scholars have summarized dozens of existing data visualization tools,
techniques, and systems for analyzing academic data. For example, social net-
work visualization tools such as Pajek and Gephi can be used to visualize and
analyze scholars’ cooperative, citation, or follow relationships and community
division. Common statistical charts such as bar charts and radar charts can
also be used to display scholars’ research achievement publication timelines and
research interests [53].

3 Application Research on Scholar Profiling
3.1 Expert Recommendation

Research interest is one of the most important attribute features of scholars.
Through research interest labels in scholar profiles and similarity calculation
algorithms, expert and research collaborator recommendations in related fields
can be achieved. In expert recommendation, R. Thiagarajan et al. solved the ex-
pert discovery problem by using ontology-based spreading activation networks
to calculate similarity between user profiles [54]. Hu Chengfang et al. [55] pro-
posed a design concept for an expert database system in the Lancang-Mekong
water resources cooperation field based on profiling technology, achieving intel-
ligent talent recommendation based on Lancang-Mekong cooperation needs by
constructing a talent profiling model based on spatiotemporal attributes. L. M.
De Campos et al. [56] built summary user profiles and extracted different hidden
topics of interest to experts through clustering expert text information, based
on which they implemented expert recommendation applications.

Additionally, research collaborator recommendation based on academic prefer-
ences is another important application of scholar profiling. In recent years, many
studies on research collaborator recommendation based on scholar profiling have
emerged. These studies mainly collect scholars’ academic interests, academic
capabilities, and cooperative networks [57] from literature, patents, and social
media to build scholar profiles, and then recommend research collaborators by
fusing similarity across multiple dimensions of scholars.
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3.2 Academic Resource Recommendation

Academic resource information recommendation is an important research issue
in the library and information field. Recommending academic resource infor-
mation based on scholar profiles is currently one of the important means. Such
recommendations have many applications in the library field, where books are
recommended by matching scholars’interest and behavior features from their pro-
files with book content. Some scholars have built individual and group profiles
of readers and achieved personalized book recommendations by comprehensively
reflecting readers’ borrowing behavior characteristics [58]. Subsequent studies
have attempted to integrate richer Internet data. For example, Liu Haiou et
al. [59] proposed personalized learning resource recommendation services based
on scholar profiling in the big data era, providing dynamic personalized resource
recommendations for researchers by combining their basic information, research
interests, and social interaction data. With the continuous rise of academic
social media and the increasing richness of academic social data, research on
building academic new media user profiles based on academic social data and
precise recommendation models for academic new media information based on
user profiles has also made certain progress [60].

3.3 Scholar Research Capability Evaluation

Scholar profiling technology has also been applied to evaluate scholars’ past
academic capabilities and predict their future potential capabilities. Scholars’
academic capabilities are primary indicators considered by higher education in-
stitutions, research centers, and enterprises when making talent recruitment and
funding decisions, making objective and accurate evaluation crucial. For exam-
ple, Han Xu et al. proposed a method for calculating scholar capability indices
and ranking scholars based on user profiling technology, using the computer
field as an example [61]. Xiong Huixiang et al. divided research capabilities into
academic achievement quality and academic influence, using a weighted topic
model to represent scholars’ research capabilities [62]. M. Lee et al. [63] pro-
posed researcher performance index models that can measure qualitative and
quantitative performance, researcher influence, and growth potential, evaluating
researchers from multiple perspectives to help them improve their research ca-
pabilities. As an important dimension of scholar profiling, academic capabilities
can be evaluated through academic capability labels in scholar profiles.

4 Current Research Challenges

A body of research has explored scholar profiling from perspectives of concepts,
model construction, key technologies, and applications, providing a theoretical
and practical foundation for subsequent research. With the rise of the open
science movement, multi-source heterogeneous scientific big data provides a rich
data foundation for scholar profiling while also bringing greater challenges. The
challenges in scholar profiling research mainly include difficulty in multi-source
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data acquisition and fusion, challenges in dynamic updating research, and lack
of evaluation studies.

4.1 Difficulty in Multi-Source Data Acquisition and Fusion

The development of the Internet has generated massive amounts of data, mak-
ing it possible to build precise and rich scholar profiles based on multi-source
heterogeneous data. However, how to filter out required scholar webpages from
massive Internet pages and dynamically capture and store them in real-time
is one of the challenges facing scholar profiling. The current common method
is to first search using scholar names and institutions in search engines, then
filter results according to rules. However, this method has low recall and pre-
cision rates [64], and identifying required scholar personal homepages remains
a research challenge. Additionally, existing research shows that a considerable
proportion of scholars have no homepage or cannot be found through crawlers
or search engines [22]. For these scholars, personal information needs to be
obtained from other sources, such as academic publications or social platforms.

Data fusion is another challenge in scholar profiling. In the process of multi-
source heterogeneous data fusion, issues such as scholar name ambiguity require
entity disambiguation techniques. Current data fusion research mainly adopts
methods based on machine learning, graphs, and heuristic rules, with machine
learning algorithms being predominant [30]. Overall, data acquisition and fu-
sion technologies in big data-based scholar profiling research have made certain
progress, but there remains much exploration space in solving time complexity
for large-scale data and incremental disambiguation [65].

4.2 Challenges in Dynamic Updating of Scholar Profiles

Scholars’ relevant information is constantly changing. To ensure the accuracy
and timeliness of scholar profiles, dynamically updating attribute features across
different dimensions is crucial. However, most current scholar profiling research
ignores the issue of dynamic updating. Possible solutions for dynamic updating
of scholar profiles include feedback mechanism-based updating and data-driven
updating. Feedback mechanism-based scholar profile updating generally uses
manual methods to modify and improve scholars’ personal attribute information.
For example, the AMiner scholar profiling system uses a “claim-edit” approach
to encourage scholars themselves to manually modify and supplement profile
information [10]. This approach can ensure the accuracy of updated information
but is too inefficient for large-scale scholar profiles.

Data-driven scholar profile updating generally uses automated methods to up-
date scholars’ interest attributes, academic capability attributes, and other in-
formation. This automated updating technology based on research achievement
data needs to solve problems such as real-time data collection and building
efficient trigger and update mechanisms [15]. Overall, research on dynamic up-
dating of scholar profiles requires substantial human investment, has certain
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technical thresholds, and requires long research cycles. Therefore, current re-
search on dynamic updating of scholar profiles is relatively scarce.

4.3 Lack of Scholar Profiling Evaluation Studies

Most current research on scholar profiling focuses on how to construct scholar
profiles, innovating processes such as multi-source heterogeneous data fusion, in-
formation extraction, label organization, and weight calculation. However, few
studies scientifically and objectively evaluate constructed scholar profile mod-
els from aspects such as authenticity, timeliness, and accuracy. Only a small
number of studies provide theoretical reviews of constructed models [66] or illus-
trate scholar profiling applications in certain fields with subjective evaluations
[6], lacking evaluation studies based on large-scale data or scientifically objec-
tive test samples. This affects the universality of scholar profiling models and
hinders model improvement.

The main reason for the lack of scholar profiling evaluation studies is the ab-
sence of evaluable data. Scholar profiling evaluation data includes manually
annotated data by researchers and indicator data such as usage evaluations, us-
age frequency, and demand matching degree generated during the application
of scholar profiles. For large-scale user profiles, manual annotation is difficult.
Only through in-depth and extensive applications can relevant indicator data
be obtained to support evaluation studies of scholar profiling systems.

5 Summary and Outlook

This paper systematically reviews research on the construction and application
of scholar profiling. First, it summarizes the concept of scholar profiling as
the process of extracting multi-dimensional attribute features of scholars from
massive multi-source heterogeneous academic data for application and analysis.
Second, it sorts out the construction process, including data collection, data
preprocessing, scholar label extraction, and scholar profiling visualization anal-
ysis, involving key technologies such as scholar-related entity extraction, data
fusion, and visualization. Finally, it points out challenges in multi-source data
acquisition and fusion, dynamic updating of scholar profiles, and evaluation
mechanisms.

To address challenges in existing research, the following suggestions are pro-
posed: For scholar profiling data acquisition, advanced text classification al-
gorithms such as XGBoost and LightGBM can be used to identify scholar
homepages from search engine results. For information extraction from scholar
homepages, large-scale pre-trained models for text representation and deep neu-
ral network models can be used to achieve researcher information extraction,
ensuring good universality across various domains without relying on manual
features. Additionally, some open scientific big data platforms, such as the Chi-
nese Academy of Sciences Knowledge Service Platform [67] and the Guangdong-
Hong Kong-Macao Science and Technology Resource Big Data Service Platform
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[68], integrate different types of data including scholar personal data, literature
resource data, and social media data, providing data supplements for scholar
profiling. For data fusion, existing academic knowledge graphs can be com-
bined with deep learning methods to improve the accuracy of scholar-related
data fusion. For the lack of scholar profiling evaluation data, training data for
expert scholar profiles can be obtained through competitions related to scholar
profiling, such as the 2017 Open Academic Precision Profiling Competition and
CCKS2021: AMiner Scholar Profiling Competition [69]. Finally, for insufficient
research on dynamic updating of scholar profiles, researchers should strengthen
practical studies on scholar profiling, closely integrate research with industry,
extend research cycles, and obtain usage and feedback data on scholar profiles
during practical research to support dynamic updating and evaluation studies
of scholar profiles.
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