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With the rapid growth of manuscript submissions, finding eligible reviewers for every submission has become a heavy
task. Recommender systems are powerful tools developed in computer science and information science to deal with this
problem. However, most existing approaches resort to text mining techniques to match manuscripts with potential review-
ers, which require high-quality textual information to perform well. In this paper, we propose a reviewer recommendation
algorithm based on a network diffusion process on a scholar–paper multilayer network, with no requirement for textual
information. The network incorporates the relationship of scholar–paper pairs, the collaboration among scholars, and the
bibliographic coupling among papers. Experimental results show that our proposed algorithm outperforms other state-
of-the-art recommendation methods that use graph random walk and matrix factorization and methods that use machine
learning and natural language processing, with improvements of over 7.62% in recall, 5.66% in hit rate, and 47.53% in
ranking score. Our work sheds light on the effectiveness of multilayer network diffusion-based methods in the reviewer
recommendation problem, which will help to facilitate the peer-review process and promote information retrieval research
in other practical scenes.

Keywords: reviewer recommendation, multilayer network, network diffusion model, recommender systems,
complex networks
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1. Introduction

The publication of a scientific article often needs to un-
dergo multiple steps, among which peer review plays an es-
sential role.[1] Appropriate reviewers can offer valuable sug-
gestions to authors for manuscript revision and assist editors
in decision-making, thereby helping to improve the quality
of the paper and facilitate the peer review process.[2] Despite
editors being able to rely on their reviewer database and au-
thors’ recommendations to choose reviewers, finding an ade-
quate number of qualified reviewers who are experienced in
the research area of the submitted manuscripts is still tough,
given the rapid growth of submissions.[3] To solve this prob-
lem, recommender systems aiming at reviewer recommenda-
tions are increasingly investigated and applied. Among them,
research focusing on mining the relevance between reviewers
and manuscripts via textual information accounts for a signifi-
cant part,[2] in which methods based on natural language pro-
cessing such as TF-IDF, LDA and LSI (see Subsection 2.1)
find wide applications.[4] The text used for analysis mainly in-
cludes the submitted papers and the publications of reviewer
candidates, specifically their titles, keywords, and abstracts. In

addition, to enhance the accuracy of recommendations, some
hybrid approaches combine text analysis with methods such
as collaborative filtering, network models,[5] and rule-based
systems.[6] In general, considerable efforts have been made in
applying text analysis to match reviewers with manuscripts,
while methods that do not require textual data have received
limited discussion. However, the practical challenge of col-
lecting complete textual information of reviewers, coupled
with the occasional unavailability of full manuscripts, signif-
icantly impacts the accuracy of text analysis, calling for new
methods that do not rely on textual data.

This paper proposes a reviewer recommendation algo-
rithm that leverages a diffusion process on a constructed mul-
tilayer network. The contribution lies in two aspects: the
novel multilayer-network model and the diffusion-based rec-
ommendation algorithm. Firstly, we construct a multilayer
network that encompasses various potential relationships, in-
cluding the reviewing relations between reviewers and sub-
missions, the co-reviewing relations among reviewers, and the
bibliographic coupling relations among submissions. These
relations precisely capture the matching of research fields be-
tween reviewers and submissions, the research relatedness
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among reviewers and the knowledge relatedness among sub-
missions, respectively. Notably, our model does not require
any textual information of reviewers and submissions, which
reduces the difficulty in collecting high-quality data. To build
the network, we extract review records from a conference
that involves 70 reviewers, based on which we further collect
2804 related scholars and their published papers from Scopus
(www.scopus.com). Due to the scarcity of large-scale empiri-
cal peer-review data,[7] we use authorship information to sim-
ulate reviewing relations, and use co-authorship connections
among scholars to simulate co-reviewing relations.

Secondly, we propose an innovative diffusion-based rec-
ommendation algorithm. Specifically, we develop a new set
of diffusion rules for the algorithm which explores the influ-
ence of different diffusion orders and proportions on the rec-
ommendation accuracy. Experimental results indicate that our
proposed methods outperform the state-of-the-art methods that
incorporate graph random walk and matrix factorization[8] and
methods that incorporate machine learning and natural lan-
guage processing by a wide margin, thus proving that consid-
ering collaboration relations among scholars and bibliographic
coupling relations among papers help to improve the recom-
mendation performance.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews the related studies focusing on the reviewer rec-
ommendation problem. Section 3 describes the newly built
dataset and the construction of the two-layer network model.
Section 4 elaborates on our network diffusion-based recom-
mendation model, some benchmark methods, and evaluation
metrics used in the study. Section 5 presents and analyzes the
experiment results for the proposed and benchmark methods.
Section 6 concludes this paper and discusses future works.

2. Related work

Automatically recommending reviewers for the submit-
ted manuscripts can be traced back to Dumais and Nielsen’s
work[9] in 1992, which is also known as the reviewer assign-
ment problem (RAP).[10] RAP can be divided into retrieval-
based RAP (RRAP) and assignment-based RAP (ARAP),[11]

in which the former treats each submitted paper as a query to
retrieve the most relevant reviewers,[12] while the latter aims
at achieving a balanced workload distribution among review-
ers. Given that ARAP is only relevant when reviewer candi-
dates are limited, whereas RRAP is more applicable in most
reviewer recommendation scenarios, our study primarily fo-
cuses on RRAP. Based on the information used for analysis,
RRAP can be further divided into text-based and non-text-
based methods.[4,7]

2.1. Text-based methods

Commonly-used textual information in RRAP for
manuscripts includes the full text (but sometimes it is unavail-
able), title, keywords, and abstract, as these directly reflect
the content of the manuscript. As for reviewers, some on-
line review systems require them to provide descriptions of
their research fields. However, the quality of such informa-
tion is often unstable and fails to completely reveal the re-
viewer’s interests.[9] Therefore, building reviewers’ represen-
tations through their publications (i.e., titles, keywords, and
abstracts) has been an alternative.[13–15]

To address RRAP based on the aforementioned textual
information, researchers commonly resort to natural language
processing (NLP) techniques. This usually involves represent-
ing manuscripts and reviewers as vectors or matrices, which
are then used as input to compute the matching degree be-
tween them. The generated representation falls into two levels,
namely word-level and topic-level.[16]

At the word level, there are three main approaches:[7] the
term frequency-inverse document frequency (TF-IDF), lan-
guage model (LM), and keyword matching. TF-IDF is a
widely used word-level NLP method employed in the vec-
tor space model (VSM), where all available textual informa-
tion of the submitted papers and reviewers’ publications are
represented as weighted vectors.[13,17,18] Then the relationship
between a submission and a reviewer is assessed by measur-
ing the similarity between their respective vectors using met-
rics like cosine similarity. Language models analyze review-
ers’ publications to represent each reviewer as a distribution
over words in the vocabulary. Then the relevance between
reviewers and a given submission is measured based on the
probability of each word in the submission appearing in the
reviewer’s distribution. Different from language models tar-
geting the co-occurrence of words in submissions and review-
ers’ publications, keyword matching methods focus on key-
word co-occurrence. Here the keywords can be predefined
by conference chairs,[19] provided by reviewers, or extracted
from submissions and reviewers’ papers.[20] Since exact key-
word matching may fail to identify two documents that are
related to each other yet have no common keywords, Yor-
dan Kalmukov[19] built a taxonomy of keywords that reveals
the semantic relationships between different keywords, mak-
ing it possible to compute the similarity between a submission
and a reviewer even without shared keywords. Tayal et al.[10]

created fuzzy sets of reviewers and submissions, calculating
fuzzy equality rather than the number of common keywords.

Compared with word-level analysis which often brings
high-dimensional representations of papers and reviewers,
topic models represent the submitted papers and reviewers’
publications as a topic distribution where each topic is rep-
resented as a distribution over words that are trained from the
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corpus. Dumais and Nielsen[9] used the latent semantic index-
ing (LSI) model that employs singular-value decomposition
(SVD) to obtain a relevance matrix between papers and topics.
The drawback of LSI is that its topic distribution output lacks
a probabilistic interpretation. By contrast, the latent dirichlet
allocation model[21] (LDA) assigns probabilities to individual
words in each topic, making it easier to understand the seman-
tic meaning of the identified topics. In addition, the generative
process of LDA allows it to handle unknown text. As a re-
sult, LDA and its variants have been popular in RRAP. Mimno
and McCallum[22] proposed the author–persona–topic (APT)
model that allows each reviewer to have multiple topic distri-
butions to represent their interdisciplinary expertise. Kou et
al.[11] applied the author–topic model (ATM)[23] to represent
reviewers and proposed a weighted coverage-based method
that is capable of assigning a reviewer group with compre-
hensive expertise to an interdisciplinary paper. To recommend
reviewers for interdisciplinary submissions, Jin et al.[24] pro-
posed the author–subject–topic (AST) model by introducing
a supervised subject layer to model the knowledge structure
of reviewers more precisely. Peng et al.[25] presented a time-
aware topic-based reviewer assignment model that captures re-
viewers’ changes in research interest with time.

In recent years, neural network techniques have also
been applied to reviewer assignments to learn more ef-
fective representations of reviewers and submissions, such
as word2vec,[12,26] bidirectional encoder representation from
transformers (BERT)[4] and gated recurrent unit (GRU).[16]

2.2. Non-text-based methods

Text-based methods can be very expensive regarding
computational costs, especially when applied to a large
dataset. Fortunately, alternative non-text-based methods that
do not pose significant computational challenges are avail-
able, including network-based, collaborative filtering, and
rule-based methods. Note that most of them still need text
analysis to process the data.

Network-based methods leverage the topology structure
of various relationships among reviewers and manuscripts
to recommend reviewers. Reviewer networks and reviewer–
manuscript networks are the two basic models. For the for-
mer, Yin et al.[27] employed co-authorship relations to con-
nect reviewers. Jin et al.[28] built a citation network among
reviewers, and introduced a topical PageRank algorithm[29]

to evaluate reviewers’ authority in the topics of the submit-
ted paper. To narrow the range of potential reviewers when
they are not predetermined (usually in the journal peer-review
process), Rodriguez and Bollen[30] regarded the authors of a
manuscript’s references as its potential reviewers and built a
co-authorship network among them, using a particle swarm
algorithm on it to identify appropriate reviewers. As for the

reviewer–manuscript network model, reviewers are connected
to manuscripts according to their preferences or their relevance
of expertise. Goldsmith and Sloan[31] created a reviewer–
conference submission network, where the weight of links is
determined based on reviewers’ ratings of their willingness to
review the submissions before assignment. Then they used
a network flow algorithm through this network to assign sub-
missions to reviewers. But when the information of reviewers’
preferences is unavailable, it is necessary to connect review-
ers and manuscripts based on their textual information. Liu et
al.[5] used semantic similarity scores between reviewers and
manuscripts obtained through LDA analysis as the weight of
each link and employed a random walk with restart (RWR)
model on the network[32] to balance the expertise and author-
ity of recommended reviewers. Except for the two kinds of
basic models, researchers also built networks with more di-
verse structures, such as three-layer networks[33,34] and mul-
tiple networks.[35] Based on the constructed network, one can
also utilize node ranking methods[36,37] or topology identifica-
tion methods[38] to make recommendations.

Collaborative filtering (CF) methods[39] generate recom-
mendations by leveraging the information of reviewers’ pref-
erences on submitted papers. These methods are commonly
used in the review process concerning conference papers, in
which there is usually a bidding process before assignment
that requires reviewers to rate the submitted papers according
to their reviewing willingness. Since it is impractical to re-
quire reviewers to rate all papers, the rating matrix tends to be
sparse. Collaborative filtering methods aim at utilizing exist-
ing ratings to infer the unspecified ones, which mainly include
two categories: memory-based CF and model-based CF.[40]

Memory-based CF predicts reviewers’ preferences by comput-
ing the similarity among reviewers, under the basic assump-
tion that reviewers sharing similar ratings on some papers are
likely to rate similarly on others.[41,42] And model-based CF
focuses on learning a predictive model from the rating data.
For example, Conry[43] utilized latent factor models to fac-
torize the reviewer–paper rating matrix into two matrices con-
taining the latent factor representation of reviewers and papers,
whose dot product estimates the unknown ratings.

Rule-based methods usually represent the knowledge
(such as procedures and constraints) of the peer-review pro-
cess as a set of IF-THEN rules. For example, if a reviewer
and a submission’s authors are from the same institution, then
there may exist conflicts of interest. This type of constraint can
not be directly handled using mathematical methods (such as
optimization algorithms), but can be effectively addressed by
encoding it as a set of rules that can be checked and enforced.
As such, Mauro et al.[6] presented a rule-based system for the
review of conference papers, in which the authors designed a
set of rules to achieve a solution with feasibility (rules such
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as the maximum number of assigned papers of per reviewer),
effectiveness (rules measuring the confidence degree of the as-
signment solution), and fairness (rules for avoiding conflicts of
interest between reviewers and authors).

3. Data and network construction
3.1. Dataset

To the best of our knowledge, there is no public dataset
that records the complete paper reviewing process from jour-
nals or conferences, and the large-scale well-documented re-
lationship between reviewers and papers is hardly available.
Thus we use the relationship between scholars and their pub-
lished papers to simulate the peer review relations. Such a
simulation is reasonable because a published paper directly
reflects its author’s research fields, and the scholar who pub-
lished a paper is certainly capable of reviewing it.

To narrow our focus on a peer review scenario, we
employ the 70 reviewers in NetSci-X 2018 (netscisoci-
ety.net/events/netsci) conference as the initial data, then col-
lect their coauthor lists from the Scopus database through the
API Key (dev.elsevier.com) and a Python interface,[44] as well
as papers of all reviewers and their coauthors. To ensure the
feasibility of recommendations, we only preserve papers with
no less than two authors. Finally, we get a dataset involving
2804 scholars and 24197 papers, with publication dates rang-
ing from March 1st, 1973 to February 1st, 2021. The scholar
information includes the list of published papers and coau-
thors, while the paper information includes its authors and list
of references.

To perform a comparison with text-based methods, we
also search the textual information of each paper in our dataset
from the Scopus database, and finally we collect the title and
abstract of 23899 papers, which will be used as the input cor-
pus for the text-based model training (see Subsection 4.2.1).

3.2. Two-layer network construction

According to the collected dataset, we extract three kinds
of relationships among scholars and papers, based on which
we construct a scholar–paper two-layer network. In the
scholar layer, we link scholars based on their co-authorship
relations. In other words, if two scholars coauthor at least one
paper in the dataset, there exists a link between them. To con-
struct the paper layer, we analyze the reference list of each
paper and connect papers according to their bibliographic cou-
pling relations. Namely, there exists a link between two papers
if they have at least one co-citing item, and the link weight de-
notes the number of coupling references. Given that the num-
ber of this type of link is enormous, we only preserve links
with a weight larger than 4 in the constructed network. And
the main results are robust with respect to variations of this

threshold. Finally, we use the authorship relations between
papers and their authors to connect two layers. This means the
link connecting an author with a paper denotes that this author
wrote the paper. Figure 1 shows a simplified illustration of
the constructed two-layer network, which is made up of three
different sub-networks: a co-authorship network in the scholar
layer, a bibliographic coupling network in the paper layer, and
a publishing network between two layers. Note that when we
use real peer review data to construct such a network, things
will be slightly different, where authorship relationships need
to be replaced with reviewing relationships, and co-authorship
relationships need to be changed to co-reviewing relationships
(see details in Appendix A).

Table 1. The statistical properties of the two-layer network.

Networks Nodes Links
⟨k⟩

⟨kα ⟩ ⟨ki⟩

Publishing network 27,001 73,637 26.26 3.04
Co-authorship network 2,804 24,072 17.17 –

Bibliographic coupling network 24,197 580,646 – 47.99

Co-authorship

   network

Publishing

 network

   Bibliographic

coupling network

Scholar layer

Paper layer

Fig. 1. Illustration of the scholar–paper two-layer network. There are
two layers composed of scholar nodes and paper nodes, respectively, and
three types of links, which represent publishing, co-authorship, and bib-
liographic coupling relations, respectively. In the bibliographic coupling
network, the thickness of each link is proportional to its weight, which
is determined by the number of common references between two pa-
pers. Links in the publishing network and co-authorship network are
unweighted.

Mathematically, we denote the network representation as
𝒢(P,S,EPS, ESS, EPP), where P represents the set of n papers,
S represents the set of m scholars. EPS, ESS and EPP represent
the set of links in the publishing network, co-authorship net-
work and bibliographic coupling network, respectively, whose
mathematical descriptions are as follows.

As for the three sub-networks, the publishing network
is represented as an adjacency matrix 𝐴(P,S,EPS), in which
Aiα = 1 if scholar α is the author of paper i, otherwise Aiα = 0.
In this network, the degree of paper i (kA

i ) equals the num-
ber of its authors, and the degree of scholar α (kA

α ) equals the
number of papers published by the scholar. Similarly, the co-
authorship network is also represented as an adjacency ma-
trix 𝐶(S,ESS). If scholar α and β have published at least one
paper as coauthors, then Cαβ = 1, or else Cαβ = 0. In this
network, the degree of scholar α (kC

α ) equals the number of
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the scholar’s coauthors. Different from the above two sub-
networks, the bibliographic coupling network is a weighted
network, which is denoted as B(P,EPP), where Bi j = w de-
notes that papers i and j have w common references. We refer
to wB

i as the sum of weights of the links related to paper i in

the bibliographic coupling network. Table 1 shows the statis-
tical properties of the three sub-networks. Figure 2 illustrates
the degree distributions of nodes in three sub-networks, where
we can observe an approximate power-law distribution in the
bibliographic coupling network.

(a) (b) (c)

P
ro

b
a
b
il
it
y

Publishing network

Degree of paper nodes
Degree of paper nodes

Degree of scholar nodes
Degree of scholar nodes

Bibliographic coupling network Co-authorship network
100

100 101 102

10-1

10-2

10-3

10-4

Degree

P
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b
a
b
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10-4

Degree

P
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b
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100
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10-1

10-2

10-3

Degree

Fig. 2. Degree distributions of paper nodes and scholar nodes for the publishing network (a), bibliographic coupling network (b), and co-authorship network (c).

4. Recommendation methods
4.1. Recommendation based on the two-layer network

Diffusion-based algorithms are commonly-used methods
to implement recommendations or study the dynamics of in-
formation diffusion[45,46] in networks, such as random walk,[5]

mass diffusion[47] and heat conduction,[48–51] whose diffu-
sion processes are derived from physical phenomena. Ran-
dom walk models are often utilized to describe the stochastic
motion of particles in physical systems. Mass diffusion mod-
els illustrate the diffusion process of particles from regions of
higher concentration to regions of lower concentration, follow-
ing the principle of the conservation of matter. Heat conduc-
tion models describe the transfer of heat energy from regions
of higher temperature to regions of lower temperature.

Among these diffusion-based algorithms, mass
diffusion[47] is recognized as one of the most efficient and
concise methods which assumes that nodes in the network are
assigned a kind of resources, and resources can diffuse from
these nodes to other nodes along network links. The standard
mass diffusion algorithm is applied on a bipartite network,
where there exists only one type of link.[52–54] However, when
we employ this algorithm on our two-layer network that in-
cludes three types of links (scholar–scholar, paper–paper, and
scholar–paper), two factors need to be determined first: (i)
diffusion order: whether resources diffuse within the same
layer (i.e., scholar–scholar) first or across the opposite layer
(i.e., scholar–paper) first? (ii) diffusion proportion:[55] what
proportions of resources should be distributed between scholar
pairs and between paper pairs?

Specifically, at the very beginning, we assign the initial
resource to the authors of a target paper, who are simulated

as the reviewers. Subsequently, there will be two choices to
start the diffusion: distribute-first or diffuse-first. As for the
distribute-first way, the initial resource of each scholar node
will first be distributed to its neighboring scholar nodes with
a proportion of p2 ∈ [0,1], while the remaining (1− p2) pro-
portion of resources is reserved. Then, the resources in this
scholar layer begin to diffuse to the paper layer. In contrast,
in the diffuse-first method, initial resources will first trans-
fer from scholar nodes to their connected paper nodes. Then,
p1 ∈ [0,1] proportion of resources of these paper nodes begin
to be distributed to their neighboring paper nodes. Parame-
ters p1 and p2 define the proportion of resources involved in
the redistribution on the paper and scholar layer, respectively.
When p1 = 0 and p2 = 0, the method reduces to standard mass
diffusion on the scholar–paper bipartite network.

As illustrated in Fig. 3, suppose that paper P1 is the target
paper, which requires recommended reviewers. The diffusion
process of the distribute-first recommendation for P1 involves
five steps. Step (a): initial resources assignment. All scholars
connected with P1 are assigned one unit of initial resources,
and the others are assigned 0. Step (b): resource redistribution
among scholars. Each scholar equally transfers p2 proportion
of resources to their coauthors in the co-authorship network,
while keeping a proportion of (1− p2) for themselves. After
that, all scholars update their resources by adding the reserved
and the obtained resources together. Step (c): resource diffu-
sion from scholars to papers. Scholars transfer their resources
to their connected papers in the publishing network. Then all
nodes update their resources. Step (d): resource redistribu-
tion among papers. Each paper distributes p1 proportion of
resources to their connected papers in the bibliographic cou-
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pling network, proportionally based on the link weights, while
keeping a proportion of (1− p1) for themselves. Then, each
paper updates its resources. Step (e): the diffusion from pa-
pers to scholars, which is similar to step (c). After that, each
scholar updates the final resources, which are considered as
the recommendation score. Here the score of scholar S1, S2

and S3 is 1/2, 1/4 and 1/4, respectively. As to the diffuse-
first recommendation, the order of the steps will become (a),
(c), (d), (e), (b), and the final resources of scholar S1, S2 and
S3 will be 5/16, 1/2 and 3/16, respectively. For this diffu-
sion process on the reviewer–manuscript two-layer network,
see Appendix A for an example.

S1

P1

S2 S3

P2 P3

S1

P1

S2 S3

P2 P3

S1

P1

S2 S3

P2 P3

S1

P1

S2 S3

P2 P3

S1

P1

S2 S3

P2 P3

(a)

1 3 1 3 1 3

1 3 1 3

(d)

(b) (c)

(e)
RS1 RS2 RS3 RP1 RP2 RP3

a

b

c

d

e

1 0 0 0 0 0

1/2 1/2 0 0 0 0

0 0 0 1/2 1/4 1/4

0 0 0 1/2 3/16 5/16

1/2 1/4 1/4 0 0 0

Fig. 3. A simple example of the distribute-first recommendation with p1 = p2 = 1/2. Paper P1 is assumed to be the target paper that needs to be
recommended by reviewers. In each step, links in red are those involved in the diffusion process. See details of each step in the main text. The
table records the resource value of each node after each step.

Mathematically, we denote the initial resources assigned
to scholar α as Rα , and the final resources scholar γ received
as R′

γ , which is also considered as the recommendation score
of scholar γ . Here we have the equations between Rα and R′

γ

below (see the detailed derivation in Appendix B).
In the way of distribute-first,

R′
γ =
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(1− p1)(1− p2)

n

∑
i=1

m

∑
α=1

Aiγ Aiα

kA
i kA

α

+(1− p1)p2

n

∑
i=1

m

∑
α=1

m

∑
β=1

Aiγ AiβCαβ

kA
i kA

β
kC

α

+p1(1− p2)
n

∑
i=1

n

∑
j=1

m

∑
α=1

A jγ Bi jAiα

kA
j wB

i kA
α

+p1 p2

n

∑
i=1

n

∑
j=1

m

∑
α=1

m

∑
β=1

A jγ Bi jAiβCαβ

kA
j wB

i kA
β

kC
α

]
Rα . (1)

In the way of diffuse-first,

R′
γ =

[
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]
Rα . (2)

According to the recommendation scores, we rank schol-
ars that are not connected with the target paper in descending
order, and the top L of them would be the most eligible review-
ers for this paper.

4.2. Benchmark methods
4.2.1. Text-based methods

In this study, we construct the documents for target pa-
pers by concatenating their titles and abstracts, and establish
the documents for reviewers by concatenating the titles and ab-
stracts of their publications.[14,15,56] We then input these docu-
ments into text-based models and generate a representation for
each of them, based on which we measure the semantic simi-
larity between target papers and reviewers. Here we consider
four representative models, which use word-level information,
topic-level information, external information and context in-
formation, respectively.

Vector space model (VSM) VSM extracts document fea-
tures for target papers and reviewers from word-level informa-
tion, where words are weighted by TF-IDF scores. TF-IDF is
a statistical method that evaluates the relevance of a word to a
document in the whole document corpus. The term frequency
(TF) measures how often a word appears in a certain docu-
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ment, while the inverse document frequency (IDF) measures
how important a word is across the entire corpus. Words that
appear frequently in a specific document but rarely in other
documents are considered more important for that document,
and thus have higher TF-IDF scores. The TF-IDF score of
word i in a document α is defined as the product of its TF and
IDF

S(i,α) = T Fi,α × log
|D|

|{d|d ∈ D, i ∈ d}|
, (3)

where D is the set of documents in the corpus, and the denom-
inator is the number of documents containing the word i. By
computing the TF-IDF score of all unique words in the vocab-
ulary, we can map the document of the target paper and the
reviewer into the same vector space, and can calculate their
cosine similarity, which serves as the reviewer’s recommenda-
tion score.

Latent dirichlet allocation model (LDA)[21] LDA is an
unsupervised machine learning algorithm, which is used to
model the underlying topics that are present in a large collec-
tion of text documents based on word co-occurrences. Each
topic is represented in the form of a word probability distribu-
tion. Then the documents of target papers and reviewers can
be represented as probability distributions over topics. Thus
we can obtain a reviewer’s recommendation score for a target
paper by calculating the cosine similarity between the topic
probability distributions. As for the number of topics (nt), we
test a continuous set of values and use the perplexity and topic
coherence[57] metric to determine nt = 50 for a trade-off be-
tween predictive performance and interpretability.

Random walk with restart model based on LDA anal-
ysis (LDA-RWR)[5] LDA-RWR is a hybrid model that inte-
grates text analysis and network propagation process to gen-
erate recommendations. For each target paper, we build a
network composed of this paper and all reviewers, where the
link weights between the reviewers and the target paper are
the topic similarity measured by the LDA model, and the link
weights among reviewers are the number of co-authored pa-
pers. We set the target paper as the starting point of a random
walk with a restart process on the network. The probability
scores of reviewers in the stationary distribution of the process
are their recommendation scores. In the random walk process,
the damping factor η (η ∈ [0,1)) determines the probability of
jumping back to the target paper. In the experiment, we search
for the optimal η with an interval of 0.1 and find η = 0.1 cor-
responds to the highest recommendation accuracy.

Word2vec model with soft cosine measure (W2V-
SCM) Word2vec is a neural network technique that learns the
linguistic contexts of words. It embeds words into a vector
space where words that share similar contexts in the corpus
are located close to each other. Based on the representation

of words, we use soft cosine measure (SCM)[58] to calculate
the semantic similarity between the documents of target papers
and reviewers. Specifically, suppose that there are Nw words
in the vocabulary, the documents of target paper i and reviewer
α can be represented as Nw-dimensional vectors

𝑉i = [ni1,ni2, . . . ,niNw ], 𝑉α = [nα1,nα2, . . . ,nαNw ], (4)

where the elements correspond to the frequencies of words.
The soft cosine similarity between Vi and Vα is defined as the
recommendation score of reviewer α for target paper i

S(i,α) =

Nw
∑

a=1

Nw
∑

b=1
sabnianαb√

Nw
∑

a=1

Nw
∑

b=1
sabnianib

√
Nw
∑

a=1

Nw
∑

b=1
sabnαanαb

, (5)

where sab is the conventional cosine similarity between the
embeddings of words a and b. In the experiment, we test dif-
ferent embedding dimensions and find that the optimal one is
200.

4.2.2. Non-text-based methods

User-based collaborative filtering (UCF) Collaborative
filtering (CF) is a basic approach in recommender systems,
which can be divided into memory-based and model-based
collaborative filtering. Within the memory-based approach,
user-based collaborative filtering (UCF) and item-based col-
laborative filtering (ICF)[40] are the most widely-used meth-
ods. The main idea behind UCF is that similar users share
similar tastes in items. In the scenario of recommending re-
viewers, this approach will recommend scholars who are con-
nected with papers similar to the target paper as reviewers. Its
implementation includes two steps: (i) calculating the similar-
ity between the target paper and other papers. Considering the
paper nodes are involved in two sub-networks (i.e., the pub-
lishing network and the bibliographic coupling network), we
compute the similarity among papers separately in these two
sub-networks. In the publishing network, the cosine similar-
ity between any two papers i and j can be calculated as in
Ref. [59]

simA(i, j) =
|ΓA(i)∩ΓA( j)|√
|ΓA(i)|× |ΓA( j)|

, (6)

where ΓA(i) refers to the set of scholars that connect with pa-
per i in the publishing network. In the bibliographic coupling
network, two factors need to be considered when we measure
the similarity of two papers: one is the link weight between
them, and the other is the number of their common neighbors.
Binesh et al.[60] pointed out that both factors are all important
and proposed a modified cosine similarity to combine them.
In this method, the similarity between two papers i and j is

simB(i, j) =
𝑏i ·𝑏 j

|𝑏i|
∣∣𝑏 j
∣∣ ,
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𝑏i = [Bi1,Bi2, . . . ,Bii−1,wB
i ,Bii+1, . . . ,Bin], (7)

where 𝑏i is an n-dimensional vector, in which the nonzero ele-
ments represent the weight of links between paper i and other
papers, and the i-th element is replaced by the sum of these
nonzero values (wB

i ).[60] Such modification has been proved to
perform better compared with the original cosine similarity in
recommendation,[60] and we also obtain a consistent conclu-
sion in our study. (ii) For each target paper, the recommenda-
tion score of scholar α for paper i is defined as in Ref. [61]

S(i,α) = λUCF ∑
j∈ΓA(α)

simA(i, j)

+(1−λUCF) ∑
j∈ΓA(α)

simB(i, j), (8)

where ΓA(α) refers to the set of papers connected with scholar
α in the publishing network, and λUCF is used to adjust the
two types of similarity, 0 ≤ λUCF ≤ 1.

Item-based collaborative filtering (ICF) Unlike UCF,
the ICF approach will recommend scholars who exhibit simi-
larities to the scholars connected to the target paper as review-
ers. Its implementation also consists of two steps: (i) com-
puting the similarity of scholar candidates to the scholars con-
nected to the target paper. Similarly, we compute the similarity
among scholars through the two sub-networks. In the publish-
ing network, the cosine similarity between any two scholars α

and β can be calculated as follows:[59]

simA(α,β ) =
|ΓA(α)∩ΓA(β )|√
|ΓA(α)|× |ΓA(β )|

, (9)

where ΓA(α) refers to the set of papers that connect with
scholar α in the publishing network. In the unweighted co-
authorship network, the modified cosine similarity between
any two scholars α and β can be calculated as in Ref. [60]

simC(α,β ) =
𝑐α ·𝑐β

|𝑐α |
∣∣𝑐β

∣∣ ,
𝑐α = [Cα1,Cα2, . . . ,Cαα−1,1,Cαα+1, . . . ,Cαm], (10)

where 𝑐α is an m-dimensional vector, in which the elements
represent whether there is a link between scholar α and other
scholars, and the α-th element is replaced with 1.[60] Similarly,
the performance of ICF also improves with such modifications
in our experiments. (ii) Recommending scholars that are sim-
ilar to the scholars connected to the target paper as potential
reviewers. The recommendation score of scholar α for paper i
is defined as in Ref. [61]

S(i,α) = λICF ∑
β∈ΓA(i)

simA(α,β )

+(1−λICF) ∑
β∈ΓA(i)

simC(α,β ), (11)

where ΓA(i) refers to the set of scholars connected with paper i
in the publishing network, and λICF is used to adjust similarity
of these two types, 0 ≤ λICF ≤ 1.

High-order proximity augmented recommendation
(HOP-Rec)[8] HOP-Rec is a state-of-the-art recommendation
method incorporating graph-based and matrix factorization-
based approaches. It utilizes random walks on the user–item
graph to explore the high-order interactions among nodes to
overcome the sparsity of bipartite interactions. According
to this approach and our scholar–paper bipartite network, the
high-order relevance between papers and scholars is computed
through a random walk process (see Ref. [62] for details), with
walk length K set to 2 as a trade-off between performance
and complexity. After constructing the matrix factorization
model trained with the Bayesian personalized ranking learning
(BPR) method, the high-order relevance matrix is decomposed
to learn the latent factors of scholars and papers. The recom-
mendation score of a scholar for a target paper is estimated as
the dot product of the corresponding factors. See the imple-
mentation details in Ref. [62]. Here we apply a grid search
for the best combination of hyper-parameters, specifically, the
dimension of latent factors d is 128 and the learning rate r is
0.01.

Popularity-based recommendation (POP) We define
scholars with more linked papers and scholars as popular ones.
Specifically, we introduce a parameter λPOP to linearly com-
bine scholars’ degrees in the publishing network and in the
co-authorship network, which are normalized by the maxi-
mum degree of scholars in each network. The recommenda-
tion score of scholar α is computed as

S(α) = λPOP
kA

α

kA
max

+(1−λPOP)
kC

α

kC
max

, (12)

where kA
max and kC

max represent the maximum degree among all
scholars in the publishing network and co-authorship network,
respectively.

Random recommendation (Random) For each target
paper, we randomly generate a list of recommended schol-
ars, with both the scholars and their rankings being completely
randomized.

4.3. Evaluation

To evaluate the proposed recommendation methods, we
delete 10% of the links in the publishing network and test
the methods’ ability to predict these missing links. Specifi-
cally, we randomly remove 7363 scholar–paper links related
to papers published between 2017 and 2021 in the publishing
network, forming the testing set. The remaining 90% (66274
links) compose the training set, based on which we construct
the experimental network. Then we combine this new publish-
ing network with the coauthor list of scholars and reference list
of papers to obtain the final two-layer network for conducting
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experiments. Note that when removing links from the net-
work to create the testing set, precautions are taken to avoid
the cold-start problem by not removing links that would result
in isolated nodes. We also make experiments on the 95%/5%
and 85%/15% training/testing set splittings, and the results are
consistent with those of our 90%/10% splitting (see details in
Appendix C).

Considering that a paper only has 3.04 authors on aver-
age (see Table 1), the value of precision will be extremely low
when the recommendation list length is long, with false posi-
tive samples (i.e., non-authors recommended) occupying most
of it. Since we focus on the model’s ability to identify positive
samples (i.e., authors), we employ recall, hit rate,[63] and rank-
ing score[47] as evaluation metrics to characterize the perfor-
mance of the proposed methods and benchmark methods. For
a better explanation, here we refer to the scholars connected
with the target paper in the testing set as relevant scholars.

Recall Recall represents the probability that the relevant
scholars are recommended to a target paper.[40] The recall of
paper i is defined as

Recalli =
di

Di
, (13)

where di means the number of recommended relevant schol-
ars for paper i, and Di means the total number of all relevant
scholars for paper i. We can obtain the recall of a method
by averaging the recall values of all target papers. Obviously,
higher recall indicates better performance.

Hit rate (HR) If at least one relevant scholar is recom-
mended to a target paper, we will consider this paper as a hit
paper. HR quantifies the fraction of hit papers among all target
papers, which can be computed as in Ref. [63]

HR =
H
N
, (14)

where H means the number of hit papers, and N means the
number of all target papers. High HR represents high accu-
racy of recommendations.

Ranking score (RS) The relevant scholars’ rank-
ing is also an important measure of the recommendation
performance.[47] For a target paper i, if its relevant scholar α

ranks riα among all scholars that are not connected with it in
the training set, then the RS of α for i is computed as

RSiα =
riα

Mi
, (15)

where Mi represents the number of scholars who are not con-
nected with paper i in the training set. We obtain the mean RS
by averaging over all target papers in the testing set. A good
recommendation method is expected to rank relevant scholars
as high as possible, which means the RS of relevant scholars
should be relatively low.

5. Results
5.1. Different diffusion orders and proportions

To analyze the impact of diffusion orders and proportions
on the recommendation performance, we implement recom-
mendations through the diffusion-first way and distribute-first
way, respectively, and adjust the proportion values p1 and p2

with an interval of 0.05. For each combination of p1 and p2,
we demonstrate the average results of 10 experiments in Fig. 4.
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Fig. 4. The recommendation performance of the diffuse-first method and
distribute-first method under different combinations of p1 and p2. Here
all the results are averaged over 10 experiments, with the recommendation
list length L = 20. The results demonstrate that the diffuse-first recom-
mendation performs better than the distribute-first recommendation, as
shown by the larger red areas in the left column. The optimal accuracy
values in terms of the three evaluation metrics and the corresponding (p1,
p2) are reported in Table 2.

The results indicate that the diffuse-first recommenda-
tion outperforms the distribute-first recommendation in terms
of all the three evaluation metrics. Specifically, the diffuse-
first recommendation achieves an average recall value that is
1.73% higher than that of the distribute-first method, a 1.10%
higher HR, and a 12.48% lower RS (where a lower value in-
dicates better performance). In addition, as shown in Fig. 4,
across the different parameter combinations represented by the
boxes, the diffuse-first recommendation method surpasses the
distribute-first method in terms of recall in 95.01% of those
combinations, HR in 88.44% of the cases, and RS in 86.17%
of the cases.

As for the optimal performance (see Table 2), the highest
recall achieved by the diffuse-first recommendation is 0.9575
(when p1 = 0.10, p2 = 0.40), while that for the distribute-
first way is 0.9557 (when p1 = 0.05, p2 = 0.40); the high-
est HR values reached by the two methods are comparable;
in terms of ranking score, the diffuse-first recommendation
reaches 5.87% lower than the distribute-first method. In gen-
eral, the inferior performance of the distribute-first method in-
dicates that prioritizing resource redistribution among schol-
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ars as the initial step will make the resources more dispersed,
which is detrimental to the recommendation process. Be-
sides, we find that the optimal accuracy values are achieved
when both p1 ̸= 0 and p2 ̸= 0, suggesting that incorporating
co-authorship and bibliographic coupling relations in the rec-
ommendation process enhance the reviewer recommendation

performance. Furthermore, the optimal accuracy is achieved
when p1 < p2 implies the greater importance of resource redis-
tribution among scholars compared to papers, emphasizing the
significance of allocating a higher proportion of resources to
scholar redistribution for enhancing the recommendation sys-
tem’s performance.

Table 2. The optimal performance of the studied recommendation methods under three metrics, combining with the corresponding parameters
(L = 20 for recall and HR). The bold values correspond to the best performance among all methods.

Methods Recall HR RS

Diffuse-first
0.9575

(p1 = 0.10, p2 = 0.40)
0.9685

(p1 = 0.20, p2 = 0.35)
0.0024

(p1 = 0.25, p2 = 0.55)

Distribute-first
0.9557

(p1 = 0.05, p2 = 0.40)
0.9679

(p1 = 0.05, p2 = 0.40)
0.0025

(p1 = 0.05, p2 = 0.50)

VSM 0.7753 0.8201 0.0148
LDA 0.3822 0.4351 0.0404

LDA-RWR 0.4015 0.4705 0.0346
W2V-SCM 0.6348 0.6894 0.0265

UCF
0.8878

(λUCF = 0.24)
0.9160

(λUCF = 0.24)
0.0213

(λUCF = 0.26)

ICF
0.8879

(λICF = 0.85)
0.9113

(λICF = 0.85)
0.0048

(λICF = 0.88)
HOP-Rec 0.8290 0.8659 0.0336

POP
0.0749

(λPOP = 0.79)
0.1094

(λPOP = 0.79)
0.2148

(λPOP = 0.99)
Random 0.0071 0.0102 0.5002
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Fig. 5. Comparison of recommendation accuracy of the proposed methods with text-based methods (a)–(c) and non-text-based methods (d)–(f),
under the corresponding optimal parameter combination in terms of recall (a) and (d), HR (b) and (e), and RS (c) and (f). Panels (a), (b), (d), and
(e) show the recommendation performance under varying lengths of the recommendation list. In panel (f), the RS of the popularity-based and
random recommendation is 0.2148 and 0.5002, respectively, which are omitted for better presentation.

5.2. Comparison with benchmark methods

We compare the performance of the two proposed meth-
ods with nine benchmark algorithms (including 4 text-based
benchmarks and 5 non-text-based benchmarks) introduced in

Subsection 4.2. Note that for methods that involve tunable

parameters, the optimal parameters are determined by the av-

erage performance over 10 experiments, which assess the per-

formance using the three aforementioned metrics. Figure 5
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demonstrates the performance of the two proposed recommen-
dation methods and nine benchmark methods under different
lengths of recommendation lists and three evaluation metrics.
Since the computation of the RS value is irrelevant to the rec-
ommendation list, we show the RS for each method with the
optimal parameter combination in Figs. 5(c) and 5(f). Note
that we omit the popularity-based and random recommenda-
tion in Fig. 5(f) in view of their performance being much worse
than other methods.

We find that the distribute-first and diffuse-first recom-
mendations perform comparably, with the latter showing a mi-
nor advantage. From Figs. 5(a)–5(c), it is evident that our
proposed methods outperform all text-based methods across
different evaluation metrics and recommendation list lengths.
Within the four text-based methods themselves, VSM demon-
strates the highest prediction accuracy, followed by W2V-
SCM, whereas the two LDA-based methods exhibit the worst
performance. This is because facing the sparsity of our
corpus, TF-IDF techniques employed by VSM can mitigate
the impact of low-frequency words by assigning low scores;
yet both word2vec and LDA models require sufficient co-
occurrence information of words to learn semantic mean-
ings, making these methods less effective for rare words and
not applicable for short texts such as abstracts.[64] Given
the limited size of our corpus, we test the performance of
W2V-SCM using pre-trained word and phrase embeddings
that were trained on the part of the Google News dataset
(around 100 billion words). This file can be accessed at
code.google.com/archive/p/word2vec. The recall and hit met-
rics of W2V-SCM have experienced a rise of about 9%, which
is not substantial enough to affect the comparison results. The
advantage of W2V-SCM over LDA could be attributed to the
generalization ability of the word2vec model on a domain-
specific corpus, given that our corpus is solely composed of
papers in the field of network science. This may be be-
cause, unlike LDA, which relies solely on word frequency, the
word2vec model considers not just word frequency but also the
contextual meaning and semantic relationships among terms.
Regarding the two LDA-based methods, they exhibit differ-
ent strengths depending on the size of the recommendation
list: for smaller lists, standard LDA is more effective in iden-
tifying scholars with high semantic similarity; however, for
larger lists, LDA-RWR outperforms by further incorporating
relationships among scholars.

From Figs. 5(d)–5(f), the two multilayer network
diffusion-based methods also show marked superiority over
the non-text-based benchmark methods like UCF, ICF, and
HOP-Rec. The results are consistent with consideration of all
the three evaluation metrics and different lengths of the rec-
ommendation list. For instance, when L = 20, the highest re-
call values achieved by our proposed methods are over 7.62%

higher than those of both CF approaches and 15.52% higher
than that of HOP-Rec (see Table 2). Considering that the un-
derperformance of these three methods could be due to their
reliance on only one or two kinds of relations in the two-layer
network, which limits their information utilization, we con-
duct a comparison under the same network structures. And
the consistent results obtained further validate the advantage
of our recommendation methods (see details in Appendix D).

When examining the specific limitations of each method,
the inferiority of the CF approaches can be attributed to their
limited coverage of potential reviewers. Specifically, UCF
limits similar papers to those sharing connected scholars with
the target paper, and then recommends scholars connected to
these similar papers. ICF limits relevant scholars to those
connected to the target paper, and then recommends scholars
share connected papers with these relevant scholars. While
in the proposed methods, resources diffuse among three sub-
networks sequentially, scholars who have higher-order inter-
actions with the target paper could also be recommended. On
the other hand, although the HOP-Rec model captures higher-
order interactions, it also introduces additional noise, result-
ing in inferior performance compared to UCF and ICF; an-
other reason is that the random walk process in HOP-Rec is
biased towards scholars with high degrees, which is inappro-
priate for the reviewer recommendation scenario. This also
explains why the popularity-based recommendation is much
worse than the above five methods. Thus, when choosing re-
viewers, the key factor is the relevance between the reviewers’
research fields and the submitted manuscripts, because even
the most experienced researchers cannot effectively review a
paper that lies beyond their field of expertise. Besides, Fig. 5
and Table 2 reveal that the random recommendation achieves
the lowest accuracy.

6. Conclusion and discussion
We put forward a multilayer network diffusion-based

method to recommend reviewers for submitted papers. By
using the relationship between scholars and their connected
papers, we first build a scholar–paper bipartite network, based
on which we consider the collaboration among scholars and
the bibliographic coupling among papers, thus building a two-
layer network. Based on the traditional mass diffusion algo-
rithm on bipartite networks, we further consider the diffu-
sion order and proportion on the two-layer network model.
Through recommendation experiments on a real academic
dataset which is extended from 70 reviewers in NetSci-X 2018
conference, we reveal that in general, the recommendation
method which starts at the resource diffusion to papers per-
forms better than the method that starts at the resource dis-
tribution among scholars. Besides, the nonzero optimal dif-
fusion proportions indicate that introducing the collaboration
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and bibliographic coupling relations helps to improve the rec-
ommendation accuracy. Most importantly, compared with the
state-of-the-art methods that incorporate graph random walk
and matrix factorization and methods that incorporate machine
learning and natural language processing, the proposed meth-
ods outperform by more than 7.62% in recall, 5.66% in HR,
and 47.53% in RS. The results prove that our methods can
mine the reviewer–paper similarity more accurately. Our work
provides a feasible and efficient way to recommend reviewers
for papers in the peer review process without requiring textual
information of the submitted manuscript and available review-
ers. It can help to speed up the submission handling process
and ease the burden on editors.

There are three main limitations of our work. Firstly, sev-
eral practical constraints in the real peer review process, such
as the conflicts of interest, are not taken into account in our
proposed methods. One potential solution is incorporating a
filtering mechanism for the recommended reviewers.

Secondly, we do not consider the cold-start problem in
the main text, which refers to the insufficient information of a
new coming manuscript. While the proposed method offers a
partial solution by enabling new manuscripts to link to the net-
work through bibliographic coupling relations with existing
paper nodes, further exploration of underlying relationships
holds great promise for enhancing and refining this solution.

Thirdly, due to the lack of real peer-review data, the per-
formance evaluation of our method is currently limited to a
small conference review dataset and an expanded dataset de-
rived from it. However, we are actively overcoming this lim-
itation by maintaining an online journal review platform and
collecting more peer-review data for future research in recom-
mendation systems. By leveraging large-scale real data, we
anticipate that our proposed two-layer network model will ef-
fectively address the aforementioned limitations, making it a
promising tool for reviewer recommendations.

Our work proves the effectiveness of the multilayer net-
work diffusion-based methods on the reviewer recommenda-
tion problem, based on which studies can introduce more ac-
cessible information of papers and reviewers to improve the
network structure for better recommendation accuracy. Be-
yond reviewer’s recommendation, the research approach de-
veloped in this paper will find applications to information re-
trieval problems in more practical scenes.

Appendix A: Experiments on the NetSci-X 2018
review dataset

To test the performance of proposed methods in real peer
review scenarios, we make experiments on a small review
dataset, which records the reviewing procedures in NetSci-
X 2018 conference involved 120 submissions and 61 review-
ers. Considering the submissions for this conference are in the

form of abstracts rather than full text, we further retrieve the
published version of all manuscripts from the Scopus database
to obtain the full lists of their references and authors.

As shown in Fig. A1, we first build the reviewer–
manuscript two-layer network based on the proposed recom-
mendation method. Similar as the scholar–paper two-layer
network in Subsection 3.2, it is also composed of three dif-
ferent sub-networks: a co-reviewing network in the reviewer
layer, a bibliographic coupling network in the manuscript
layer, and a reviewing network between two layers. In the
co-reviewing network, two reviewers are connected if they
have commonly participated in the review of at least one
manuscript. And in the bibliographic coupling network, there
is a link between two submissions if they have at least one
co-citing item, and the link weight represents the number of
common references. For new coming manuscripts (like M4
in Fig. A1), the bibliographic coupling relations help them to
connect with the reviewed ones (like M1–M3 in Fig. A1) in
the network. In the reviewing network, we connect review-
ers with submissions for which they have expressed a willing-
ness to review. The willingness of reviewers is inferred from
their historical reviewing and bidding records (in the bidding
process of NetSci-X 2018 conference, for a given submission,
a reviewer bidding “yes” means that the reviewer would like
to review and “maybe” means that the reviewer can review.
We consider these two options as reviewers’ positive willing-
ness). Table A1 shows the statistical properties of the three
sub-networks.

Table A1. The statistical properties of the reviewing network, co-
reviewing network, and bibliographic coupling network.

Networks Nodes Links
⟨k⟩

⟨kr⟩ ⟨km⟩

Reviewing network 181 479 7.85 3.99
Co-reviewing network 61 585 19.18 –

Bibliographic coupling network 120 2,117 – 35.28

Co-reviewing

   network

Reviewing

 network

   Bibliographic

coupling network

Reviewer layer

Manuscript layer

Fig. A1. Illustration of the reviewer–manuscript two-layer network.
There are two layers composed of reviewer nodes and manuscript nodes,
respectively, and three types of links, which represent reviewing, co-
reviewing and bibliographic coupling relations, respectively. In the bib-
liographic coupling network, the thickness of each link is proportional to
its weight, which is determined by the number of common references be-
tween two manuscripts. Links in the reviewing network and co-reviewing
network are unweighted.
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Fig. A2. A simple example of the diffusion process on the reviewer–manuscript two-layer network. Manuscript M1 is the target manuscript.
p2 = 1/2. In each step, links in red are those involved in the diffusion process. The table records the resource value of each node after each step.
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Fig. A3. Comparison of the recommendation performance of the proposed method with four text-based methods (a)–(c) and three non-text-based
methods (d)–(f), in terms of recall (a) and (d), HR (b) and (e), and RS (c) and (f), on the NetSci-X 2018 dataset. The error bars indicate the
standard error of the average performance.

When applying the multilayer network diffusion-based
methods to the reviewer–manuscript two-layer network, in
contrast to the scholar–paper two-layer network, the main
challenge is that the new coming manuscript is not connected
with any reviewer, which arises the cold-start problem. To
make our methods executable for these papers, we adjust the
diffusion process by assigning one unit of initial resources to
the target manuscript. Then, the resource diffusion proceeds
in the bibliographic coupling network, reviewing network and
co-reviewing network successively. After that, we rank re-
viewers in descending order based on their resources, the top

L reviewers form the recommendation list, which will be rec-
ommended as potential reviewers for the target manuscript.
Figure A2 illustrates a simple example of the recommendation
process for the target manuscript M1.

Our dataset is relatively small, so we choose 10-
fold cross-validation to make experiments, where all 120
manuscripts are randomly divided into 10 sets with equal size.
The experiments are carried out for 10 times separately, in
which each set is used once for testing and the remaining nine
sets are used for training. To simulate real peer-review scenar-
ios, we remove all reviewing relationships of manuscripts in
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the testing set, and then implement our method to recommend
potential reviewers. All text-based methods are trained from
the corpus described in Subsection 4.2.1, the corresponding
results are shown in Figs. A3(a)–A3(c). ICF and HOP-Rec
are excluded due to the cold-start problem, Figs. A3(d)–A3(f)
only involve the comparisons with UCF, the popularity-based
and random recommendation. Figure A3 shows the average
results of the optimal performance on the 10 training/testing
set splittings, which indicates that the proposed method has an
evident advantage over non-text-based methods, and is only
inferior to LDA-RWR among all text-based methods. The
superiority of LDA-RWR comes from the detailed corpus,
and the sparse reviewing network makes the proposed method
slightly underperform. But the lowest RS still confirms the ef-
fectiveness of multilayer network diffusion-based methods in
real peer review scenarios.

Appendix B: Derivation of Eqs. (1) and (2) in
Subsection 4.1

Equations (1) and (2) in Subsection 4.1 reveal the rela-
tions between the resources before and after the diffusion pro-
cess. Here we explain the derivation process. We denote the
initial resources assigned to scholar α as Rα , and the final re-
sources scholar γ received as R′

γ , other notations have been
introduced in Subsection 3.2.

Derivation of Eq. (1)

Step (A): initial resources assignment. For scholar α , the
initial resource is Rα .

Step (B): the resource redistribution among scholars. Let
β be any scholar in the constructed network, β keeps (1− p2)

proportion of the scholar’s initial resources (Rβ ) and transfers
the remaining p2 proportion of resources to the scholar’s coau-
thors. Meanwhile, β obtains resources from other scholars in
the co-authorship network, so the resources of scholar β after
step (B) are given by

R(B)
β

= (1− p2)Rβ + p2

m

∑
α=1

Cαβ Rα

kC
α

. (B1)

Step (C): the diffusion from scholars to papers. Let i be
any paper in the network, it receives resources from the con-
nected scholars in the publishing network, that is

R(C)
i =

m

∑
β=1

Aiβ R(B)
β

kA
β

. (B2)

Substitute Eq. (B1) into Eq. (B2), then we get

R(C)
i = (1− p2)

m

∑
β=1

Aiβ Rβ

kA
β

+ p2

m

∑
β=1

m

∑
α=1

AiβCαβ Rα

kA
β

kC
α

. (B3)

Step (D): the resource redistribution among papers. Let j
be any paper, it reserves (1− p1) proportion of its resources,

and transfers the remaining p1 proportion of resources to the
connected papers in the bibliographic coupling network, pro-
portionally based on the link weights. At the same time, it
obtains resources from other papers, the total resources of j
can be expressed as

R(D)
j = (1− p1)R

(C)
j + p1

n

∑
i=1

Bi jR
(C)
i

wB
i

. (B4)

Substitute Eq. (B3) into Eq. (B4), then we get

R(D)
j = (1− p1)(1− p2)

m

∑
β=1

A jβ Rβ

kA
β

+(1− p1)p2

m

∑
β=1

m

∑
α=1

A jβCαβ Rα

kA
β

kC
α

+p1(1− p2)
n

∑
i=1

m

∑
β=1

Bi jAiβ Rβ

wB
i kA

β

+p1 p2

n

∑
i=1

m

∑
β=1

m

∑
α=1

Bi jAiβCαβ Rα

wβ

i kA
β

kC
α

. (B5)

Step (E): the diffusion from papers to scholars. For
scholar γ , the scholar’s resources are transferred from the con-
nected papers in the publishing network, which are given by

R′
γ =

n

∑
j=1

A jγ R(D)
j

kA
j

. (B6)

We can employ Eq. (B5) to replace the term R(D)
j in Eq. (B6),

and yield

R′
γ = (1− p1)(1− p2)

n

∑
j=1

m

∑
β=1

A jγ A jβ Rβ

kA
j kA

β

+(1− p1)p2

n

∑
j=1

m

∑
β=1

m

∑
α=1

A jγ A jβCαβ Rα

kA
j kA

β
kC

α

+p1(1− p2)
n

∑
j=1

n

∑
i=1

m

∑
β=1

A jγ Bi jAiβ Rβ

kA
j wB

i kA
β

+p1 p2

n

∑
j=1

n

∑
i=1

m

∑
β=1

m

∑
α=1

A jγ Bi jAiβCαβ Rα

kA
j wβ

i kA
β

kC
α

. (B7)

Finally, for Eq. (B7), we can further replace j in the first
two terms on the right hand side with i, and replace β with α

in the first and third terms on the right hand side, then Eq. (B7)
becomes Eq. (1).

Derivation of Eq. (2)

Step (A): initial resources assignment. For scholar α , the
initial resource is Rα .

Step (B): the diffusion from scholars to papers. Let i be
any paper, it receives resources from the connected scholars in
the publishing network, which can be represented as

R(B)
i =

m

∑
α=1

Aiα Rα

kA
α

. (B8)
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Step (C): the resource redistribution among papers. Let j
be any paper, it reserves (1− p1) proportion of its resources,
and transfers the remaining p1 proportion of resources to the
connected papers in the bibliographic coupling network, pro-
portionally based on the link weights. Simultaneously, paper
j obtains resources from other papers, we write the resources
of paper j after step (C) as

R(C)
j = (1− p1)R

(B)
j + p1

n

∑
i=1

Bi jR
(B)
i

wB
i

. (B9)

Substitute Eq. (B8) into Eq. (B9), and we have

R(C)
j = (1− p1)

m

∑
α=1

A jα Rα

kA
α

+ p1

n

∑
i=1

m

∑
α=1

Bi jAiα Rα

wB
i kA

α

. (B10)

Step (D): the diffusion from papers to scholars. Let β be
any scholar, β obtains resources from the connected papers in
the publishing network, which are given by

R(D)
β

=
n

∑
j=1

A jβ R(C)
j

kA
j

. (B11)

Substitute Eq. (B10) into Eq. (B11), and we obtain

R(D)
β

= (1− p1)
n

∑
j=1

m

∑
α=1

A jβ A jα Rα

kA
j kA

α

+p1

n

∑
j=1

n

∑
i=1

m

∑
α=1

A jβ Bi jAiα Rα

kA
j wB

i kA
α

. (B12)

Step (E): the resource redistribution among scholars. For
scholar γ , (1− p2) proportion of the scholar’s resources is re-
served, and the remaining p2 proportion of resources is trans-
ferred to the scholar’s coauthors. Simultaneously, γ obtains
resources from other scholars in the co-authorship network, so

the resources of scholar γ can be expressed as

R′
γ = (1− p2)R

(D)
γ + p2

m

∑
β=1

Cβγ R(D)
β

kC
β

. (B13)

According to Eq. (B12), we can replace the terms R(D)
γ and

R(D)
β

in Eq. (B13). This yields

R′
γ = (1− p2)(1− p1)

n

∑
j=1

m

∑
α=1

A jγ A jα

kA
j kA

α

Rα

+(1− p2)p1
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∑
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∑
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∑
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∑
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∑
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∑
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Cβγ A jβ Bi jAiα

kC
β

kA
j wB

i kA
α

Rα . (B14)

Finally, for Eq. (B14), we can further replace j in the first
and third terms on the right hand side with i, then Eq. (B14)
becomes Eq. (2).

Appendix C: Evaluation on different train-
ing/testing set splittings

To further validate the stability of experimental results,
we repeat the experiments introduced in Subsection 5.2, with
two different training/testing set splittings — 95%/5% and
85%/15%. The results for the 95%/5% splitting are shown
in Fig. C1 and for the 85%/15% splitting, see Fig. C2. The
results are averaged over 10 experiments, both Figs. C1 and
C2 are consistent with Fig. 5.
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Fig. C1. Comparison of the average performance of the studied recommendation methods in terms of recall (a) and (d), HR (b) and (e), and RS
(c) and (f), with the 95%/5% splitting of the training and testing set. Panels (a), (b), (d) and (e) show the recommendation performance under
varying lengths of the recommendation list. In panel (f), the RS of the popularity-based and random recommendation is 0.1944 and 0.5000,
respectively, which are omitted for better presentation. The relative improvement of the proposed methods over benchmark methods is similar as
in Fig. 5.
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Fig. C2. Comparison of the average performance of the studied recommendation methods in terms of recall (a) and (d), HR (b) and (e), and RS (c)
and (f), with the 85%/15% splitting of the training and testing set. Panels (a), (b), (d), (e) show the recommendation performance under varying
lengths of the recommendation list. In panel (f), the RS of the popularity-based and random recommendation is 0.2163 and 0.5004, respectively,
which are omitted for better presentation. The relative improvement of the proposed methods over benchmark methods is similar as in Fig. 5.

Appendix D: Recommendation performance of
non-text-based methods under the same network
structures

According to the description of benchmark methods in
Subsection 4.2, we can find that none of UCF, ICF and HOP-
Rec exploit the complete structures of the constructed two-
layer network. In particular, UCF depends on the publishing
and bibliographic coupling relations, ICF is based on the pub-

lishing and co-authorship relations, and HOP-Rec only utilizes
the publishing relations.

To demonstrate that the advantages of proposed methods
do not solely stem from utilizing more information, we further
compare the performance of the proposed methods with UCF,
ICF and HOP-Rec under the same network structures, which
is achieved by adjusting the diffusion proportions, p1 and p2 in
our methods. Specifically, we set p2 = 0 when comparing with
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Fig. D1. Comparison of the average performance of the proposed methods and the three non-text-based methods under the same network structures, in
terms of recall (a)–(c) and HR (d)–(f). When p2 = 0, the diffuse-first and distribute-first methods achieve similar performance, resulting in overlapping
lines in panels (a) and (d).
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UCF, p1 = 0 when comparing with ICF, p1 = 0 and p2 = 0
when comparing with HOP-Rec. The results are averaged over
10 experiments with the 90%/10% training/testing splitting, as
shown in Fig. D1. Under varying lengths of the recommen-
dation list, the average performance of proposed methods is
around 0.47% higher than that of the UCF in terms of recall
and HR. Compared with the ICF, the advantage is larger, our
methods perform around 8.35% higher in recall and around
6.83% higher in HR. As for the HOP-Rec, our methods out-
perform by around 5.17% in recall and 4.29% in HR. These
reveal that the advantages of the proposed methods over the
three benchmark methods still hold under the same network
structures.

Acknowledgments
Project supported by the National Natural Science Foun-

dation of China (Grant No. T2293771) and the New Corner-
stone Science Foundation through the XPLORER PRIZE.

References
[1] Patil A H and Mahalle P N 2020 Procedia Comput. Sci. 171 709
[2] Zhao X Q and Zhang Y S 2022 Inf. Process. Manag. 59 103028
[3] Zaharie M A and Seeber M 2018 Scientometrics 117 1587
[4] Duan Z, Tan S C, Zhao S, Wang Q Q, Chen J and Zhang Y P 2019

Neurocomputing 366 97
[5] Liu X, Suel T and Memon N 2014 Proceedings of the 8th ACM Confer-

ence on Recommender Systems, October 6–10, 2014, Foster City, USA,
p. 25

[6] Di Mauro N, Basile T M and Ferilli S 2005 18th International Con-
ference on Industrial and Engineering Applications of Artificial Intel-
ligence and Expert Systems, June 22–24, 2005, Bari, Italy, p. 789

[7] Tan S C, Duan Z, Zhao S, Chen J and Zhang Y P 2021 Inform. Retrieval
J. 24 175

[8] Yang J H, Chen C M, Wang C J and Tsai M F 2018 Proceedings of the
12th ACM Conference on Recommender Systems, October 2–7, 2018,
Vancouver, Canada, p. 140

[9] Dumais S T and Nielsen J 1992 Proceedings of the 15th Annual In-
ternational ACM SIGIR Conference on Research and Development in
Information Retrieval, June 21–24, 1992, Copenhagen, Denmark, p.
233

[10] Tayal D K, Saxena P C, Sharma A, Khanna G and Gupta S 2014 Appl.
Intell. 40 54

[11] Kou N M, Leong Hou U, Mamoulis N and Gong Z 2015 Proceedings
of the 2015 ACM SIGMOD International Conference on Management
of Data, May 31–June 4, 2015, Melbourne, Australia, p. 2031

[12] Zhao S, Zhang D, Duan Z, Chen J, Zhang Y P and Tang J 2018 Scien-
tometrics 115 1293

[13] Yarowsky D and Florian R 1999 Proceedings of the 1999 Joint SIG-
DAT Conference on Empirical Methods in Natural Language Process-
ing and Very Large Corpora, June 21–22, 1999, Maryland, USA, p. 220

[14] Mirzaei M, Sander J and Stroulia E 2019 Inf. Process. Manag. 56 858
[15] Yang C, Liu T T, Yi W J, Chen X H and Niu B 2020 Appl. Soft Comput.

94 106483
[16] Zhang D, Zhao S, Duan Z, Chen J, Zhang Y P and Tang J 2020 ACM

Trans. Inf. Syst. 38 5
[17] Kalmukov Y 2020 Proceedings of the 21st International Conference

on Computer Systems and Technologies, June 19–20, 2020, Ruse, Bul-
garia, p. 229

[18] Abduljaleel A Q, Naser M A and Al-mamory S O 2021 Turk. J. Com-
put. Math. Educ. 12 619

[19] Kalmukov Y 2012 Comput. Sci. Inf. Syst. 9 763
[20] Protasiewicz J, Pedrycz W, Kozłowski M, Dadas S, Stanisławek T,
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