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Abstract

[Purpose| To review existing expert retrieval and expert ranking methods, pro-
viding a theoretical foundation for subsequent research. [Literature Scope] Rele-
vant literature was collected from databases such as Web of Science (WOS) and
CNKI using search terms including “Expert Retrieval,” “Expert Ranking,” and
“Ranking Fusion,” yielding 65 papers. [Method] Addressing the two-fold issue
of insufficient coverage in expert retrieval and high computational complexity of
expert features, this study systematically reviews and evaluates existing research
progress from the perspectives of expert retrieval evaluation and ranking fusion.
[Results] Integrating relational attributes represents the mainstream approach
in current expert retrieval methods; research on retrieval result credibility pri-
marily relies on user satisfaction and document credibility. Expert ranking
employs friend recommendation models, PageRank, D-S theory, social network
and complex network analysis to achieve ranking and ranking fusion, with fused
results generally outperforming baseline rankings. [Limitations] There is limited
comparative research among different ranking fusion methods. [Conclusion] Re-
lated research can provide references for constructing an expert consultation
platform from an information fusion perspective, specifically in the aspects of
expert information organization, expert selection, and expert opinion fusion.
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Abstract

[Objective] This paper reviews existing expert retrieval and expert ranking
methods to provide a theoretical foundation for future research. [Coverage]
Sixty-five relevant papers were collected from Web of Science (WOS), CNKI,
and other databases using search terms including “Expert Retrieval,” “Expert
Ranking,” and “Ranking Fusion.” [Methods] Addressing the dual challenges of
insufficient expert coverage and high computational costs for expert feature ex-
traction, we systematically review and evaluate current research progress from
two perspectives: expert retrieval evaluation and ranking fusion. [Results]
Fusion of relationship attributes has become the mainstream approach in ex-
pert retrieval methods, while research on retrieval result credibility primarily
relies on user satisfaction and document credibility. Expert ranking and fusion
are implemented through friend recommendation models, PageRank, D-S the-
ory, social network analysis, and complex network analysis, with fusion results
generally outperforming baseline rankings. [Limitations] Comparative studies
across different ranking fusion methods remain scarce. [Conclusions] Related
research can inform the construction of expert consultation platforms from an
information fusion perspective, specifically in the areas of expert information
organization, expert selection, and expert opinion fusion.

Keywords: Expert Retrieval, Ranking Fusion, Social Network, Relationship
Attribute, Effect Evaluation

Classification Number: G350

Expert retrieval is the process of matching user knowledge needs with potential
expert characteristics. Common stages include user knowledge need expression,
expert feature identification, similarity computation between knowledge needs
and expert features, and candidate expert result output. However, consider-
ing the time-sensitive nature of user knowledge needs (especially for emergency
knowledge) and the high demands placed on retrieval results, this process cur-
rently fails to meet user requirements for speed and efficiency. The primary
causes of this mismatch are insufficient coverage of expert types in retrieval
systems and the substantial computational workload required for expert feature
identification—problems that have become particularly pronounced in the social
media era.

Insufficient expert type coverage manifests primarily in the emergence of “niche
experts” as a new expert category in social network environments. These individ-
uals may exhibit stark contrasts between their real-world and virtual identities,
yet they directly participate in the emergence, evolution, and decline of on-
line public events, wielding considerable influence over public opinion guidance
and control. Traditional public affairs consultation has not recognized them
as valuable supplements to conventional institutional and academic experts, re-
sulting in incomplete expert type coverage. Therefore, the expert information
organization phase must consider “niche experts” as integral components of the
expert database to ensure comprehensive coverage of the retrieval expert set.
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The heavy computational workload for expert feature identification can be ef-
fectively addressed by conducting expert ranking prior to feature identification,
thereby enabling pre-selection of candidates—feature identification is performed
only on top-ranked experts. Since the metrics used for expert facet ranking are
primarily explicit statistical indicators, this approach significantly reduces the
computational burden compared to direct expert feature identification.

To illustrate, we previously provided the following example: Assuming the ex-
pert retrieval process obtains an expert set of capacity n, where the amount of
type z resources associated with a particular expert e 7 is ¢ 4, the number of
feature vectors that need to be extracted for expert organization is [MATH_ 0].
After obtaining these feature vectors, at least (2z—1) fusion operations are re-
quired to derive the expert’s comprehensive feature vector. In contrast, rank-
ing before feature fusion requires only selecting a subset of top-ranked experts
(greater than or equal to r, where r n) based on decision-maker requirements,
reducing the number of feature vectors to be extracted to only r/n of the original
amount.

Based on this two-pronged problem analysis, we surveyed literature from WOS,
CNKI, and other databases using “expert retrieval,” “expert ranking,” and
“ranking fusion” as search terms. We examined existing research methods,
schemes, and tools from the perspectives of expert retrieval methods and credi-
bility evaluation, as well as expert ranking fusion, providing targeted and timely
critiques to offer comprehensive foundational references for future solution de-
velopment.

2. Expert Retrieval and Expert Ranking Research Frame-
work

Expert retrieval and expert ranking can be understood through two modes:
ranking-first-then-retrieval and retrieval-first-then-ranking, as shown in Figure
1 [Figure 1: see original paper].

The difference between Figures 1(a) and 1(b) lies in whether expert ranking fu-
sion is placed in the information organization phase or the information retrieval
phase, which determines the ultimate objective. Figure 1(a) targets a single ex-
pert retrieval system, aiming to fuse expert ranking values across multiple facets
during the organization phase to improve retrieval result accuracy and reduce
information noise. Figure 1(b) addresses multiple expert retrieval or discovery
systems, proposing methods to resolve conflicts and obtain comprehensive rank-
ings given the inconsistencies across different systems. Regardless of the mode,
the associated research themes remain consistent: expert retrieval credibility
evaluation and expert ranking fusion. Subsequent content will evaluate existing
research findings purely from a thematic perspective without service purpose
delineation.
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3. Expert Retrieval Methods and Credibility Evaluation

To better utilize expert resources, numerous researchers have actively con-
structed science and technology consulting systems, expert retrieval systems,
ontology-based expert locator systems, the FacFinder expert search engine, and
the SmallBlue expert search software. Retrieval systems have become crucial
channels for locating and leveraging expert resources. Currently, China’s three
major academic databases (CNKI, Wanfang, and VIP) all provide scholar
or expert retrieval portals, though their data volumes remain limited. As of
September 1, 2016, Wanfang had collected only 12,120 experts, with expert
information organization emphasizing external features while revealing limited
content characteristics.

3.1 Expert Retrieval Methods

Existing expert retrieval research often integrates with general retrieval models,
adapting and innovating according to user needs. In previous work, we identi-
fied that expert feature information comprises two components: expert attribute
information and expert relationship information. Attribute information reveals
intrinsic expert characteristics, while relationship information derives from ex-
pert annotations of audio, video, text, web pages, and other resources on public
platforms such as social networks. Relationship information includes relation-
ship type, tags, and relationship strength. Based on whether retrieval algorithms
consider expert relationship attributes, existing expert retrieval methods can be
categorized into relationship-attribute-fused methods and non-fused methods.

(1) Relationship-Attribute-Fused Expert Retrieval Methods

Since the Text Retrieval Conference (TREC) introduced the expert search task
in 2005, researchers have conducted extensive explorations around the experi-
mental datasets, producing influential results. Notable contributions include:
Fang et al. recognized that discriminative models outperform the more widely
used generative models in information retrieval and machine learning, design-
ing a discriminative model-based expert retrieval method that fuses document
credibility and document-expert relationship strength, demonstrating its effec-
tiveness and robustness through TREC datasets. MacDonald et al. developed
a document credibility-based expert search method where, given a query, the
system first assesses document-query relevance, evaluates credibility across dif-
ferent documents for the same expert, and obtains final expert rankings sup-
ported by query expansion, proving superior performance using TREC 2005
and 2006 datasets. Zhai et al. from UIUC designed a language model-based
expert finding method for TREC, while Zhu et al. proposed a novel language
model integrating multiple document features, arguing that existing language
models inadequately captured these features, and demonstrated improved Mean
Average Precision (MAP) on W3C and CSIRO (TREC) datasets.

Beyond TREC, other researchers have made significant contributions: Uddin
et al. designed an expert search method combining ontology construction with

chinarxiv.org/items/chinaxiv-201711.01969 Machine Translation


https://chinarxiv.org/items/chinaxiv-201711.01969

ChinaRxiv [$X]

scientific community network approaches, using ontologies to describe node at-
tributes and relationships in research community networks and ranking experts
based on their contributions and impact scores. Zhou et al. identified that link
analysis methods in research Q&A communities often overlook expert inter-
ests and reputation, proposing a topic probability model-based expert finding
method and demonstrating its effectiveness through an extended PageRank al-
gorithm. Wang et al. recognized problems in current expert organization and
retrieval, proposing a novel expert retrieval technical scheme that integrates vari-
ous expert features with social networks. Farhadi et al. observed that users some-
times require not a single expert but an expert team, designing the TeamFinder
framework based on co-occurrence and clustering for social network expert dis-
covery, and demonstrating its utility using DBLP author co-occurrence data.
Sun et al. noted that graph-based retrieval models inadequately consider impor-
tant contextual information, proposing a novel research community expert dis-
covery method fusing expert quality and inter-expert relationships, with experi-
ments confirming superior recommendation performance. Zhao et al. addressed
natural language processing issues such as polysemy, synonymy, and proper
nouns in expert identification, constructing an expert expertise vocabulary to
improve retrieval accuracy and developing the WHU-ES prototype system for
Wu University faculty.

(2) Non-Relationship-Attribute-Fused Expert Retrieval Methods

Compared to the diversity of relationship-attribute-fused methods, non-fused
methods are fewer: Van Gysel et al. introduced an unsupervised discrimina-
tive model-based expert retrieval method using only expert text information,
demonstrating superior ranking performance compared to vector space and prob-
abilistic generative models. Yang et al., based on the consensus that experts’
tacit knowledge is difficult to systematize, adopted an improved Fuzzy Abstrac-
tion Hierarchy framework for intelligent expert search, developing a prototype
system. Stankovic et al., noting that linked data enables traceable user so-
cial behavior while existing expert retrieval uses single corpora, proposed using
linked data metric analysis to select appropriate tracking types and expertise
hypotheses for high-precision, high-recall expert identification. Fang and Wu
et al. reviewed expert retrieval research objectives, content, and methods, fo-
cusing on expert description, query-expert relationship modeling, link analysis,
query expansion, and expert evidence identification, forecasting future applica-
tions in research team discovery and enterprise knowledge management. Chen
et al. recognized that existing expert finding methods each have advantages and
disadvantages, proposing a fusion framework that effectively combines multiple
models and demonstrating improved accuracy and robustness.

In summary, current expert retrieval research favors relationship-attribute-fused
methods, driven by the rapid development of social network media and in-
creasingly multi-sourced expert-related resources. While integrating expert
features from comprehensive multi-channel information resources achieves in-
formation completeness, it also introduces significant information noise and
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conflicts. Therefore, expert retrieval must strengthen expert information or-
ganization methods at the source and design credibility evaluation mechanisms
for expert-related resources. Additionally, although multiple ExpertRank algo-
rithms exist, they treat retrieval users merely as passive recipients of results
without incorporating user participation variables, resulting in weak user au-
tonomous retrieval functionality and no personalized expert retrieval. Conse-
quently, expert retrieval research should not focus exclusively on improving
general retrieval models; as user experience gains increasing attention, expert
retrieval output should incorporate user ratings and associated resource credi-
bility.

3.2 Expert Retrieval Credibility Evaluation

The credibility of retrieval results obtained from existing expert retrieval sys-
tems serves as a standard for relevance judgment and provides references for
users to accept or reject information. Effective early-stage expert information
organization ensures scientific and efficient later-stage expert selection. If expert
organization guarantees the credibility of the information source (i.e., selected
experts), then methods, models, algorithms, and systems applied to expert opin-
ions or viewpoints in activities such as expert ranking, group decision-making,
and peer review constitute credibility evaluation of the information source con-
tent. Current credibility evaluation research primarily targets information re-
sources, particularly web-based resources, due to the proliferation of redundant,
false, and ambiguous information online. As an important component of infor-
mation resources, expert resources are evaluated through two main approaches:
user satisfaction-based and document-based credibility assessment.

(1) User Satisfaction-Based Credibility Evaluation

User satisfaction-based credibility evaluation assesses expert retrieval effec-
tiveness from the user perspective, either through external evaluation (e.g.,
experiments, questionnaires, interviews) to obtain users’ subjective impressions
of expert retrieval systems, or internal evaluation where users autonomously set
parameters in retrieval algorithms to alter retrieval processes and results. Li et
al. distinguished between back-end credibility evaluation (user-driven changes
to internal information organization) and front-end credibility evaluation
(changes to information retrieval), with back-end evaluation reducing retrieval
noise through optimal expert feature vector length determination and front-end
evaluation using user relevance feedback as a necessary reference for retrieval
path selection. Kim et al. analyzed online health information search behaviors
among college students and experts, demonstrating that good website design
and navigation enhance retrieval experience. Wu et al. introduced an interme-
diary “mediated enterprise search” component using domain expert knowledge
to analyze search result credibility before delivery, proving improved long-term
ROI and accuracy for service developers. Liebregts et al. built a university-wide
expert search system and confirmed its efficiency and user satisfaction through
query-based evaluation. Jefferson et al. proposed a method using information
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retrieval techniques and domain expert knowledge to improve user satisfaction,
demonstrating superior efficiency compared to traditional catalog systems.

(2) Document-Based Credibility Evaluation

Document-based credibility evaluation offers greater objectivity than user
satisfaction-based approaches. Key research includes: MacDonald et al. demon-
strated strong relationships between document ranking and expert ranking as
critical factors for improving retrieval efficiency, analyzing failed experiments
to illustrate document credibility’s impact. Kim et al. noted that most
automatic ranking systems use citation relationships to describe web document
importance but fail to reflect user comment content, designing an expert team
generation method based on specific web collections that calculates expert
influence weights from user comment credibility and associated web sets.
Noll et al. identified two factors for expert discovery in collaborative tagging
systems: users posting high-quality relevant resources (dependent on tagging
behavior) and users leading others in identifying relevant resources, designing
the SPEAR (Spamming-Resistant Expertise Analysis and Ranking) graph
model algorithm and demonstrating its effectiveness on Delicious data.

In summary, corresponding to the classification in Section 3.1, expert retrieval
credibility evaluation comprises two categories: user satisfaction-based and
document-based assessment. The former shifts focus from general retrieval
model improvement to incorporating user ratings and enabling user partici-
pation in algorithm execution, enhancing autonomous retrieval functionality.
The latter strengthens expert information organization methods and designs
credibility evaluation mechanisms for expert-related resources at the source.

4. Expert Ranking Fusion

Expert ranking quantifies comprehensive expert influence, yet rankings obtained
from different resources (e.g., academic networks, web resources, social net-
works) may be inconsistent or even conflicting. Therefore, fusing facet rankings
based on different statistical indicators is necessary to obtain comprehensive
rankings. Additionally, using simple statistical indicators to pre-rank topic-
related experts enables pre-selection, significantly reducing expert feature fusion
workload. Ranking metrics can derive from personal information (e.g., publica-
tion count, first publication date) or citation information (e.g., H-index, citation
frequency), all requiring standardization for fusion. Most expert retrieval sys-
tems embed ranking within retrieval algorithms. Current research primarily
focuses on expert ranking methods and ranking fusion techniques.

4.1 Expert Ranking Methods

Key research on expert ranking methods includes: Wu et al. described a ge-
ometric framework for data fusion representing retrieval results from different
systems as points in multidimensional space, using Euclidean distance to mea-
sure similarity and demonstrating superior accuracy and efficiency. Uddin et
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al. noted that while expert discovery is important in social network research,
few studies address it from a semantic perspective, proposing an ontology-based
method that calculates expert scores through contributions to topic-relevant doc-
uments and inter-expert relationships. Wang et al. emphasized the importance
of enterprise microblogging management, designing an enterprise expert rank-
ing method combining PageRank with expert-assigned tags. Jin et al. argued
that finding experts may be easier than searching for direct answers in social
networks, obtaining rankings by aggregating user centrality and question-user
relevance. Moreira et al. noted the lack of effective algorithms fusing multiple
explicit features in academic digital libraries, constructing a normalized expert
fusion and ranking method from contextual resources, personal information,
and graph structures formed by citation relationships, demonstrating its per-
formance in computer science. Wu et al. proposed a flexible, topic-associated
co-PageRank algorithm addressing the limited applicability of existing methods,
using citation and social networks to calculate expert-topic preference degrees
for ranking. Zhan argued that traditional expert search ignores expert-user
relationships, proposing a socialized search approach incorporating user social
networks that calculates rankings through user-topic relevance and network in-
fluence, demonstrating effectiveness in Friend Recommendation Models. Zhang
considered both microblog content and user topology, extending PageRank with
topic models to calculate users’ social influence across topics, combining topical
influence with content relevance for accurate expert positioning, and validating
the method using Sina Weibo API data.

4.2 Ranking Fusion Methods

Beyond resource diversity enabling ranking fusion research, single-indicator
rankings suffer from weak credibility, inconsistency, and conflicts. To address
these issues, library and information science has developed internal methodolo-
gies. Some studies reduce data sparsity by extracting high-frequency authors
to construct relationship matrices, using either subjective threshold-based
methods (e.g., setting minimum frequency cutoffs) or objective methods based
on data distribution patterns (e.g., Price’s formula for power law distributions).
However, both approaches remain imperfect: threshold setting lacks training
data support and cannot resolve end-data consistency issues, while objective
extraction imposes strict distribution requirements.

Consequently, expert ranking fusion research actively adapts methods from
other disciplines (e.g., remote sensing, face recognition, expert systems). San-
tos et al. surveyed expert search modules in web search engines, arguing that
documents used for expert retrieval should be assigned credibility, fusing ex-
isting expert ranking indicators and generating seven different expert rankings
from TREC data to demonstrate improved enterprise intranet retrieval perfor-
mance. MacDonald et al. interpreted expert ranking through voting models,
using 11 data fusion techniques and TREC enterprise datasets to prove sta-
ble retrieval performance and improved candidate expert ranking. Mourao et
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al. addressed challenges from multi-source heterogeneous medical information,
proposing a medical information retrieval system supporting multidimensional
data fusion and vocabulary recommendation, with experiments showing supe-
rior performance compared to systems like ImageCLEFMedical 2013. Yang et
al. noted that increasing elements in belief functions theory frameworks esca-
lates computational costs in evidence combination, proposing methods to re-
duce costs from both element count and mass value assignment perspectives,
validating performance through experiments. Nuray et al. proposed a novel
ranking method merging relevant documents from different retrieval systems
through multi-source data fusion algorithms, selecting Top-N documents as
pseudo-relevant feedback to evaluate and rank retrieval systems, with TREC
dataset analysis showing high consistency with manual assessments. Frances-
chini et al. addressed ordering inconsistencies from different agent preferences
in multi-criteria decision-making, proposing the Ordered Paired-Comparisons
Algorithm (OPCA) that transforms multi-agent rankings into paired compar-
isons, fuses them based on priority principles, and generates unified agent impor-
tance rankings, validating effectiveness through examples. Zhao et al. proposed
GRoMO (Graph-based Ranking of Multi-type Interrelated Objects), a novel
ranking framework for personalized tag recommendation in social platforms,
analyzing tagging resources and user histories to recommend Top-N tags, with
Delicious data confirming superior performance and scalability to resource rec-
ommendation.

4.3 Evaluation of Ranking Fusion Research

Expert ranking fusion encompasses both ranking methods and fusion techniques.
As Sections 4.1 and 4.2 reveal, current expert ranking methods exhibit four char-
acteristics: (1) Most combine expert attribute and relationship features using
multiple indicators; (2) Ranking value calculation methods vary widely, includ-
ing weighted averaging, friend recommendation models, voting models, PageR-
ank, D-S theory, and social/complex network analysis; (3) Ranking targets
include enterprise, academic, and social network experts, with social network
experts receiving extensive attention due to ease of constructing social-semantic
networks; (4) Fusion-based methods outperform single-indicator approaches in
resolving ranking conflicts, though cross-method comparative studies remain
underexplored due to dataset variations.

We identified two key issues in expert retrieval: insufficient expert coverage
and heavy feature computation workload, systematically reviewing and eval-
uating research on retrieval methods, credibility evaluation, and ranking fu-
sion. Expert retrieval evaluation focuses on retrieval methods and credibility
assessment. Current retrieval methods typically adapt general retrieval mod-
els, with relationship-attribute-fused approaches dominating. Correspondingly,
credibility evaluation comprises user satisfaction-based and document-based as-
sessments, emphasizing user ratings and resource quality respectively. Expert
ranking fusion includes ranking methods and fusion techniques, combining at-
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tribute and relationship features through weighted averaging, friend recommen-
dation, voting models, PageRank, D-S theory, and network analysis. Empiri-
cal results show fused rankings generally outperform single-indicator baselines,
though cross-method comparisons remain limited.

Corresponding solutions can be described as: fusing academic, web, and social
network resources for traditional expert feature identification; designing multi-
source information fusion methods like weighted averaging to address noise and
conflicts; incorporating “niche experts” into expert databases for network pub-
lic opinion management; combining retrieval methods with ranking fusion algo-
rithms to improve information organization accuracy and completeness while re-
ducing computational workload through effective pre-selection; and implement-
ing personalized evaluation algorithms based on document or user satisfaction
for secondary feedback to improve retrieval credibility.

Future Trends

Based on current research and ongoing work, we identify the following trends:
As expert-related resources diversify and mobile social Q&A platforms prolifer-
ate, the definition of experts will expand further. “Niche experts” will become
increasingly active online, with growing intersections between traditional insti-
tutional experts, technical experts, and niche experts.

Resource diversity will drive multi-source information fusion, requiring algo-
rithms and models to address two key problems: information noise and in-
formation conflict. Improvements and innovations targeting these issues will
constitute the main future trend, advancing personalized, semantic, and precise
expert retrieval services.
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