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Abstract

Research leadership has long been a central focus in research collaboration. Effective research
leadership recommendation is critical for identifying suitable collaborators. However, existing studies
predominantly focus on recommending co-authorrelationships, neglecting the dimension of research
leadership. In the context of multiplex networks, existing literature measures interlayer similarity
using centrality correlations, which capture only a limited aspect of node importance. To this end, we
propose a RMNW model for research leadership recommendation. RMNW constructs a two -layer
network: the target layer represents research leadership relationships, while the auxiliary layer
captures research participation relationships. The model utilizes Wasserstein Distance to quantify
interlayer similarity based on local and global neighborhoods. It integrates information from both
layers for link prediction in the target layer, controlled by a tunable parameter A to balance
contributions from each layer. Extensive experiments validate the RMNW model, showing that it
significantly outperforms state-of-the-art methods for link prediction in multiplex networks.

Introduction

Research collaboration has become essential due to the growing complexity and
nonlinearity of contemporary scientific challenges (Schneider, Sogbanmu et al.
2024). It combines complementary knowledge and expertise from diverse sources to
address problems and foster innovation (Gu, Pan et al. 2024). Collaborative efforts
typically maintain higher standards of internal quality control compared to single-
authored publications (de Frutos-Belizon, Garcia-Carbonell et al. 2024).
Collaborator recommendation has received increasing attention across various fields
(Liu, Wu etal. 2023, Zhu, Quan et al. 2023).
Research leadership has always been a focal point of research collaboration. Leading
authors (first and corresponding authors) play a critical role in securing the academic
resources and expertise necessary to initiate and sustain these endeavors (Chinchilla-
Rodriguez, Sugimoto et al. 2019). Leading authors primarily offer global,
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comprehensive and sustained contributions (Sekara, Deville et al. 2018, Xu, Liu et
al. 2024). It is essential for researchers to identify suitable research leaders to initiate
and advance collaborative teams for new projects. Similarly, it is crucial for research
leaders to select appropriate participating authors (non-first or non-corresponding
authors) who can provide local, specialized and staged contributions (He, Wu et al.
2022). Throughout the collaboration process, interactions between leading and
participating authors are typically more frequent, closer, and more reciprocal than
interactions between two participating authors (He, Liu et al. 2023). Therefore, a
two-layer multiplex network, where one layer represents research leadership
relationships and the other represents research participation relationships, provides a
more effective framework for modeling the complex dynamics inherent in research
collaboration.

The recommendation of research leadership (i.e., leading-participating relationships
or leading-leading relationships) is critical for effective collaborator identification.
However, existing studies face three major limitations. First, most studies focus on
recommending relations among all co-authors within collaborations (Liu, Wu et al.
2023), while overlooking the crucial dimension of research leadership relations.
Second, although some studies involve research leadership recommendation (He,
Liu et al. 2023), they usually model collaboration dynamics using single-layer
networks (He, Wu et al. 2021, Cai, Tian et al. 2024), thereby neglecting the interlayer
interactions between leadership and participation relationships. Third, existing
literature generally measures interlayer similarity by correlating node centralities,
such as degree-degree correlation (Zhao, Li et al. 2014) and average similarity of
neighbors (ASN) (Najari, Salehi et al. 2019). However, each of these centralities
captures different dimensions of node importance, which can introduce bias into the
prediction process.

To this end, we propose a novel two-layer Research Leading-Participating Multip le x
Network (RLPMN). In the RLPMN, the first layer captures research leadership
relations, while the second layer captures research participation relations. Second,
we introduce a novel interlayer similarity measure between the target and auxiliary
layers, based on the Wasserstein Distance between the local and global
neighborhoods of nodes in each layer. In summary, the primary contributions of this
study are as follows:

This is the first study to analyze research leadership and collaboration through the
lens of a multiplex network.

It is the first to recommend research leadership relations by integrating both
intralayer information from the research leadership layer and interlayer information
from the research participation layer.
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This study introduces a novel approach, namely, adopting Wasserstein Distance to
accurately measure the distributional distance of node neighborhoods across layers,
providing a precise measure of interlayer similarity.

The proposed framework

Figure 1 illustrates the proposed framework, RMNW (Research leadership
recommendation in research leading-participating multiplex networks based on
Wasserstein Distance). It is composed of four modules: (1) network construction, (2)
mterlayer similarity, (3) synthesizer, and (4) recommendation.

Network construction

Let G = (G, G,) be our proposed Research Leading-Participating Multip lex
Network (RLPMN), where G = (V;, E;) represents the target layer, consisting of
research leadership relations (link set E;), including leading-participating
connections and leading-leading connections, which are established between a
leading author (either the first author or corresponding author) and a participating
author (non-first and non-corresponding), or between two leading authors. And G, =
(v, E,) signifies the auxiliary layer, which comprises research participating
relations (link set E,), including the participating-participating connections between
two participating authors (non-first and non-corresponding authors). The common
node set V, = V, contains N nodes (|V;| = N). Regarding link weights, consistent
with the approach of (Zeng, Shen et al. 2017), we assign equal credit to all leading
authors (both the first author and corresponding author). In the target layer, the link
weight between a leading author i and the j — th author is as follows,

2, if jisalso aleading author
Wi =114 ]1,, if j is a participating author 1)
In the auxiliary layer, the weight of the link between i-th author and j-th author is as
follows,
Wi i= 1"‘ 1 (2)
vt
Figure 1 illustrates the construction of the RLPMN based on two co-authored
publications.
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(RLPMN) based on two co-authored publications.

Interlayer similarity

To calculate the internal node distance, we embed each node into a low
dimensional space. Specifically, as illustrated in Figure 2, the calculation process is
divided into three sub-modules: Neighborhood Sampling by 2"¢ Order Biased
Random Walk (NSBRW), Node2Vec embedding, and Interlayer Similarity based on
Wasserstein Distance of interlayer neighborhood distribution (ISWN).
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Figure 2. The proposed framework of calculating inte rlaye r similarity.

NSBRW

Following the work of Grover and Leskovec (2016), we employ a 2™ order biased
random walk characterized by two parameters p and g. This approach allows for a
smooth interpolation between breadth-first sampling (BFS) and depth-first sampling
(DFS), enabling the sampling of both immediate and high-order neighborhoods for
each node in both the target and auxiliary layers. Figure 3 illustrates the sampling
process for the focal node i. From the target layer G,, we generate NbFT, the
neighborhoods of node i, and from the auxiliary layer G,, we generate the

Figure 3. Anillustration of neighborhood sampling by 2nd order biased random
walk.

Node2vec embedding

With the neighborhoods of each node sampled from both the target and auxiliary
layers, we can embed each node into a d — dimensional vector following the
node2vec algorithm (Grover and Leskovec 2016), by extending the Skpi-gram
architecture to networks. Figure 4 illustrates the Node2vec embedding process for
the focal node i. We can embed node i into a d-dimensional vector Vecf™ based on
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the neighborhoods sampled from the target layer G, and the a d-dimensional vector
Vecf4 based on the neighborhoods sampled from the auxiliary layer G,.

Skip-gram
model

VecFT"

Vec/

Figure 4. Anillustration of Node 2vec e mbedding.

ISWN

In Section 2.2.1, for a focal node i, we have obtained the neighborhoods NbET
sampled from the target layer G, , and the neighborhoods Nb&4 sampled from the
auxiliary layer G,. In Section 2.2.2, we have embedded each node into a d-
dimensional vector Vec®™ based on the target layer G, and a d-dimensional vector
Vec® based on the auxiliary layer G,. Therefore, we can represent neighborhoods
NbFT into a d-dimensional space distribution based on the node vector Vec®” as

Dis,‘ﬁ,zf, and into a d-dimensional space distribution based on the node vector
Vect as Dis,‘G‘;’,ZiA. Similarly, we can represent neighborhoods Nb&4 into a d-
dimensional space distribution based on the node vector Vec®” as Dis,‘ﬁ,f;iT, and into

. . e . i GA
a d-dimensional space distribution based on the node vector Vec® as Dzsxi,fm .

Consequently, we can obtain the distance between NbfT (the focal node i’s
neighborhoods from the target layer G,) and Nbf4 (i’s neighborhoods from the
auxiliary layer G,) via the node embedding vector based on the target layer vector

VectT by the Wasserstein Distance as follows,

GT GT
. GT GA — : roVec icVec
Distance(NbET, Nb; )VecGT = WassersteinD (DlSNbGT’i,DlSNbGA'i) (3)

The similarity of the focal node i’s neighborhoods in the target layer G, and the
auxiliary layer G, based on the target layer on the target layer vector Vec®T is

calculated as follows,
1

= 4
1 + Distance(NbET, NbF4) (4)

S(NBET, Nb{;A)VECGT

VecGT
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Similarly, we can obtain the distance between NbT and NbF4 via the node
embedding vector based on the target layer Vec% by the Wasserstein Distance as
follows,

Distance (NbT,N biGA)Vec ca = WassersteinD (Dis%‘f,giﬁ,Dis,‘(ﬁ,ii) (5)
The similarity of the focal node i’s neighborhoods in the target layer G, and the

auxiliary layer G, based on the target layer on the auxiliary layer vector Vec% is
calculated as follows (Segaran 2007),

1
S(NBT,Nb{*)  a =

, (6)
1+ Dlstance(NbiGT,NbfA)VeCGA
As shown in Figure 5, the symmetric similarity of the focal node i’s neighborhoods
in the target layer G, and the auxiliary layer G, is calculated as follows,
1
S(NBET,Nbf) = = (S(NBET,NbE) o + S(NDTT,NDEY), 6a)  (7)

Finally, the interlayer similarity of the target layer and the auxiliary layer is the mean
of similarity of all nodes’ neighborhoods i G, and G,,

N
1
Suteroron = . S(VBET, NBE4) (8
i=1
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Figure 5. Anillustration of Interlayer Similarity based on Wasserstein Distance of
interlayer neighborhood distribution.

Synthesizer
For the node pair (u,v) in the target layer G, the synthesized index for link
possibility is defined as follows (Wu, Ji et al. 2023),

P,=0—-D)XPT +AxS, X P4 9)
Here, Plfg represents the existence likelihood of the link (u, v) in the target layer G,

based on traditional methods, solely adopting the intralayer information of G;.
Leveraging the node vectors based on each layer in Section 2.2.2, we adopt the cosine

nt erGT,GA
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similarity of VecST (the vector representation of node u based on the target layer G;)
and VecST (the vector representation of node v based on the target layer G;) to
measure the intralayer similarity of the node w and v in the target layer G,. Similarly,

Pu‘fg denotes the existence likelihood of the link (u, v) in the auxiliary layer G,, solely
based on the intralayer information of G,. The parameter A is the tunable variable
that determines the weight of information provided by the auxiliary layer G, for the
link prediction in the target layer G.

Recommendation

We can conduct research leadership recommendation based on the RLPMN in

Section 2.1, interlayer similarity S, ., in Section 2.2, and the intralayer

information P, P24 and synthesizer P, in Section 2.3. According to the Equation

(9), we can obtain the link possibility of all node pair (u, v), and by sorting, we can
obtain the top N recommendations with the highest P, ..
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Table 1. The RMNW model.

Algorithm 1: Pseudo-code fo the proposed method: RMNW

Input: Multiplex network G = (G; = (V, Ep),G, = (V,E,)), embedding dimensions d, walk length I,
number of walks r, window size k, target nodes Node;,

Output: the top-N recommended nodes list for each target node.

NB°T = GenerateNeighbors(Gr)
Nb%4 = GenerateNeighbors(G 2)
VecT = Node2VecEmbedding(k, Nb°T)
Vec% = Node2VecEmbedding( k,N b4)
S; = InterlayerSimilarity(Nb¢T, Nb%4, VectT, Vect4)

Lnter,;n;A

RecommendedList = Recommend (taregtNode)

GenerateNeighbors(G)
Initialize Nb¢ to Empty
forw = 0->W — 1do
forv € V do
NbST = BiasedRandomWalk (G, v, I)
Append Nb to Nb¢
Return Nb¢

InterlayerSimilarity(Nb¢T, NbS4, VecCtT, Vect4)
Initialize Sipgery,. ., =0
forv eV do

DLsNbGT,,— NeighborDistri (v, Nbgr, Vec¢T)
Disy; V“G = NeighborDistri(v, Nbs 4, Vec®T)
S(Nb,, , NbSA)VeCGT :

VecGT VecGT
1+ Wa.sserstemD(DLsNb o ,Disy Gav

DLsz‘GgEGTv NeighborDistri (v, Nbgr, Vec “4)

Dis S~ NeighborDistri(v, N bg , Vec ©4)
S(Nb,, ,NbgA)VecGA 1

VecGA VecGA
1+ Wa.sserstemD(DLsNbGTv DI'SNbGAv

1
+= 2 (SINBST,NDGY)  peoa + SINBST,NDGA) , or)

S

interGTGA

Return — | i X SmteerA

Recommend (t)
Initialize RecommendedList to Empty
forv eV do

PPT= cosine (VecST, Vect™)

t,v
Pt_v“‘ cosine(VecS4 Vect4)
Py = (1 =2) X BT+ AX Sinrergr op X Pt
Append P, ,, to RecommendedList
Return Sort{RecommendedList)

Experiments

In this section, we validate the effectiveness of our proposed model RMNW.
Specifically, we present the datasets, baseline methods, evaluation metrics, and
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implementation details from Section 3.1 to Section 3.4. The research leadership
recommendation results are analyzed in Section 3.5.

Dataset

Experiments are conducted on publications the field of “Pharmaceutical
Sciences”. Publications are retricved from the Web of Science Core Citation
Database, a widely accepted source for studying scientific publications (Yoo, Jung
et al. 2024). An advanced search query, “WC = A AND PY =B” is employed, where
A is the above Web of Science categories, and B is the publication year “2014-2023".
In total, 426708 publications were retrieved. Single-authored publications are
excluded. We conduct author name disambiguation following (Sinatra, Wang et al.
2016). Authors with over ten publications are selected (Zhang 2017), resulting in
30286 authors. The dataset is divided into two subset based on publication year:
works published before 2022 serve as the training set, while those from 2022 onward
form the testing set (Pradhan and Pal 2020, He, Wu et al. 2022).

Evaluation metrics
We employ widely adopted metrics in recommending systems to evaluate the

proposed model, namely F1 Score, nDCG, and MRR.

(1) F1 Score: F1 Scoreis a popular metric to evaluate the performance ofa binary
classifier. We can divide all the results nto four categories: TP (true positive),
FP (false positive), TN (true negative), and FN (false negative).

TP
Precision = ———— (10)
TP + FP
TP
Recall = ———— (11)
TP+ FN

2 X Recall X Precision

F1 = (12)

Recall + Precision
As shown in Equation 12, the F1 Score only cares the proportion of true results and

false results, ignoring the ranking of the recommended results. Therefore, two more

metrics are adopted.

(2) nDCG: Let rely; represent the graded relevance of the recommended researcher
R at position i based on the ground truth data. Discounted cumulative gain
(DCG) penalizes highly relevant researchers that appear lower i the
recommendation list. The DCG accumulated at a particular rank position p for
a recommendation list R is computed as fo]low5'

DCGrp =Telg, +Z logz(] + 1) (13)
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The Ideal Discounted Cumulative Gain (IDCG) arranges the results in descending

order by relevance and then calculates DCG:
p

IDCG,, =rel,, + 2 _ el (14)
P ' ; Zlogz(j + 1)
]=

The normalized DCG (nDCG) for a recommendation result R at a specific rank

position p is given by the ratio of DCGg,, to IDCG,,, as follows (Jarvelin and

Kekéldinen 2002),
_ DCGg,,

= 15
IDCG,, (15)
(3) MRR: Reciprocal Rank (RR) is a metric used in ranking systems to measure

nDCGg,

how quickly the first relevant item appears in a list of ranked results. Let rank;
be the first relevant result appears at position i in the ranked result list Q. The
RR is calculated as

1
R = 16
rank; (16)

If there is no relevant result in Q, the RR is 0. And MRR (Mean Reciprocal Rank) is

the mean of RR,
lQl

MRR = 1 z 1 (17)
] = rank;

Baselines

We compare the proposed model with the following state-of-art methods for link
prediction in multiplex networks. We also tune the baselnes to theirr best
performance for comparison.

(1) LPGRI (Wang, Tang et al. 2023): The model proposes a interlayer similarity,
“Global Relevance”, using the average Pearson correlation of all node
representation vectors from different layers to leverage the nformation from the
auxiliary layer.

(2) MLRW (Nasiri, Berahmand et al. 2021): The model extends the local random
walk by leveraging the terlayer and mtralayer information, and defines a
biased random walk to find the potential lnk probability in the target layer.

(3) LPIS (Najari, Salehi et al. 2019): The model adopts the AASN-based
(asymmetric average similarity of neighbors) correlation LPIS/AASN as
mterlayer similarity to leverage the information from the auxiliary layer.

(4) MNE (Zhang, Qiu et al. 2018): The model proposes a network embedding
approach to jointly represent information of all layers in the multiplex network.
But for the task of link prediction, it simply takes the average probability in all
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layers as the final probability of a potential link.

(5) RMNW variants: RMNW,,. is a variant of RMNW which uses the degree-
degree correlation (Zhao, Li et al. 2014) as the mterlayer similarity measure.
RMNW,qq is another variant, which adopts the asymmetric average similarity
of neighbors (AASN) to measure the overlap of common neighbors between
node pairs across layers, serving as the interlayer similarity (Najari, Salehi et al.
2019). RMNW,, is yet another variant that employs link overlap to quantify the
common edges across layers, which serves as an indicator of interlayer
similarity (Najari, Salehi et al. 2019).

Implementation details

The parameter settings used for random walk in 2.2.1 NSBRW, and 2.2.2
Node2vec Embedding follow the typical values adopted in (Grover and Leskovec
2016). Specifically, we set vector dimension d = 128, and simulate » = 10 random
walks of fixed length [ = 80, starting from each node. The window size is set to
k=10, and the return parameter p = 1 and in-out parameter g = 1. As for the tunable
parameter A, we follow the approach outlined in (Jafari, Abdolhosseini-Qomi et al.
2021), and set A = 0.5. For the recommendation task, we randomly select 500
authors as the target authors (Pradhan and Pal 2020, He, Wu et al. 2022) and evaluate

the performance of our RMNW model alongside other baseline models.
1.1  Performance comparison

We compare our proposed RMNW with various baselines. Table 2 reports
the F1-score and MRR of recommendation performance. Table 3 presents the
performance in terms of nDCG. Overall, the proposed RMNW model outperforms
all.

Regarding the F1-score, as shown in Table 2, RMNW achieves the highest
F1-score for all recommending number N (F1@5,F1@7, ..., F1@30), except for
F1@3. Notably, RMNW performs the best when N = 7 (F1@7 = 0.1609),
representing an increase of 0.0072 (4.68%) compared to the highest F1@7 among
the baselines. As N increases, the F1-score of RMNW exhibits a gradual downward
trend, a pattern also observed among the baselines. Among the baselines, the
MLRW generally achieves the highest F1-score, followed by LPGRI and LPIS. In
particular, when N = 3, the F1@3 of MLRW exceeds that of RMNW. Conversely,
RMNW,,. and MNE yield the lowest F1-score.

Regarding MRR, as shown in Table 2, the RMNW outperforms all baselines.
Specifically, it achieves an increase of 0.0383 (7.03%), compared to the highest
F1@7 among the baselines. MLRW and LPGRI also exhibit high MRR, while
RMNW, . and MNE perform poorly.
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In terms of nDCG, as shown in Table 3, RMNW achieves the best performance
compared to other baselines. It attains the highest nDCG of 0.3329 for the top 3
recommendation. Among the baseline models, MLRW achieves the highest nDCG,
followed by LPGRI and LPIS. Consistent with the performance in terms of F1-score
and MRR, MNE and RMNW,,,. vield the lowest nDCG.

Table 2. F1 and MRR of RMNW and baseline methods.

Method Fl@3 Fl@5 Fl@7 Fl1@10 F1@15 F1@20 Fl@25 F1@30 MRR
LPGRI 0.0929 0.1472 0.1526  0.1472  0.1386  0.1187  0.1032  0.0759  0.5349
MLRW 0.0962 0.1497 0.1537 0.1488  0.1403  0.1221  0.1058  0.0793  0.5448

LPIS 0.0910 0.1419 0.1463 0.1417 0.1343  0.1152  0.1009  0.0746  0.5102
MNE 0.0878 0.1307 0.1332  0.1297  0.1225  0.1032  0.0931  0.0695  0.4445
RMNW 0.0933  0.1584 0.1609 0.1557 0.1468  0.1246  0.1098  0.0812  0.5831
RMNWpp 0.0859 0.1292  0.1311 0.1284  0.1217  0.1028  0.0914  0.0660  0.4401
RMNW,scy 0.0896  0.1365 0.1414  0.1372  0.1301 0.1112  0.0969  0.0712  0.4865
RMNW,, 0.08381 0.1334 0.1385 0.1329  0.1270  0.1083  0.0936  0.0697  0.4692

Table 3. nDCG of RMNW and base line methods.

Method  nDCG@3 nDCG@5 nDCG@7 nDCG@10 nDCG@15 nDCG@20 nDCG@25 nDCG@30
LPGRI 0.2889 0.2832 0.2787 0.2718 0.2684 0.2653 0.2607 0.2617
MLRW 0.3068 0.2999 0.2953 0.2894 0.2830 0.2762 0.2715 0.2664
LPIS 0.2798 0.2724 0.2679 0.2634 0.2588 0.2533 0.2488 0.2465
MNE 0.2552 0.2526 0.2506 0.2477 0.2452 0.2421 0.2365 0.2329
RMNW 0.3329 0.3266 0.3228 0.3183 0.3132 0.3089 0.3037 0.3001
RMNWp,. 0.2546 0.2493 0.2455 0.2425 0.2394 0.2355 0.2303 0.2261
RMNW,¢sy 02713 0.2643 0.2610 0.2564 0.2517 0.2486 0.2434 0.2409
RMNW,;, 0.2606 0.2568 0.2540 0.2519 0.2479 0.2458 0.2420 0.2396

Sensitivity analysis

In this section, we implement the sensitivity analysis of the parameter A on the
performance of RMNW. We adopt F1@7, MRR, and nDCG@7 as evaluation
metrics with 1 € {0.1,0.2,...,0.9}. Figure 6-8 report the results in terms of F1@7,
MRR, and nDCG@7, respectively. Regarding F1@7, as shown in Figure 6, 1 €
{0.3,0.4,0.5, 0.6} leads to good performance. Conversely, excessively small or large
A would degrade the performance in all three research fields. For MRR, as shown in
Figure 7, 4 € {0.3,0.4,0.5,0.6,0.7} yields better recommending performance. On the
one hand, a small A fails to capture sufficient information from the auxiliary layer.
On the other hand, a large A can also overlook critical information from the target
layer. Interms of nDCG@7, as shown in Figure 8, 4 € {0.3,0.4,0.5, 0.6} can achieve
better recommending performance. Similar to the other metrics, both small and large
A can degrade the performance.
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Figure 6. Sensitivity of the parameter A onthe F1@7 of RMNW.

0.7

0.6 -

0.5 —~ ~

0.1

0-0 v T T T T T T T
0.1 0.2 0.3 0.4 0.5 0.6 0.7 08 09

A
Figure 7. Sensitivity of the parameter 4 onthe MRR of RMNW.

2319



0.40

0.35 -
0.30 - T e
0.25 -

0.20 -

nDCG

0.15-
0.10 -
0.05 -

000 - T U J T T T T Y )
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

A
Figure 8. Sensitivity of the parameter 4 onthe nDCG@7 of RMNW.

Ablation studies

We conduct ablation studies to understand the impact of information from the
target layer G, and auxiliary layer G, on the recommendation performance. The
results are presented in Table 4. Model 1 utilizes the information entirely from the
target layer G (A = 0). Model 2 integrates the information from both target layer
G, and auxiliary layer G, (A = 0.5). Model 3 utilizes the information entirely from
the auxiliary layer G, (A = 1). From Table 4, we observe that Model 3 consistently
yields the lowest F1@7, MRR, and nDCG@7 across all fields. While Model 2
achieves the best performance. These findings indicate that integrating the
information from both layers significantly improves recommendation performance
in the target layer G.

Table 4. Research leadership recommendation with information from diffe rent

layers.
Model A Information from the me@tion from the F1@7 MRR ADCC@T
target layer G auxiliary layer G,
0 v X 0.1182  0.4070 0.2210
X ~ 0.0791  0.2933 0.1513
0.5 v v 0.1609  0.5831 0.3228
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Discussion

Our proposed RMNW model significantly improves overall recommendation
performance across various metrics, including F1, MRR,and nDCG. As shown in
Tables 2, the RMNW model outperforms baseline models in all evaluation metrics.

Second, integrating information from the research participation layer (auxiliary
layer) notably enhances research leadership recommendation performance in the
research leading-participating multiplex networks. For example, as highlighted in
Tables 3 ofthe Ablation studies Section, combining information from both the target
layer and auxiliary layer (4 = 0.5) yields improvements of36.1%, 43.2%, and 46.1%
mn F1, MRR,and nDCG, respectively, compared to solely using information from
the target layer. Furthermore, even using the degree-degree correlation as interlayer
similarity metric, the RMNW,,,. achieves better performance than Model 1 (4 = 0,
single- layer network link prediction).

Third, the Wasserstsin Distance effectively captures the mterlayer similarity
between the target and auxiliary layer. As detailled in Table 2-3, the RMNW
consistently achieves the highest F1, MRR and nDCG compared to other variants
such as RMNW,,. (degree-degree correlation), RMNW,y (overlap of common
neighbors), and RMNW, , (overlap of the common edges).

We also implement the sensitivity analysis of the parameter A on the
recommendation performance (F1@7,MRR and nDCG@7). As depicted in Figure
6, generally, A € {0.3,0.4,0.5,0.6} leads to good performance. And these results
confirm the robustness and effectiveness of the proposed RMNW model.

Conclusion and future work

Our work focuses on leveraging research participation relationships to enhance
research leadership recommendations. We propose the RMNW model, which
consists of four interconnected modules: (1) Network construction. This module
distinguishes between research leadership and research participation relationships. It
constructs a two-layer network, where the target layer represents research leadership
relationships, and the auxiliary layer captures research participation relationships.
(2) Interlayer similarity. This module employs the Wasserstein Distance to measure
the interlayer similarity based on local and global neighborhoods of nodes in each
layer. (3) Synthesizer. This module integrates information from both the target and
auxiliary layers for link prediction in the target layer, controlled by a tunable
parameter A. (4) Recommendation. This module identifies potential research
leadership partners by ranking the link probabilities of all node pairs and generating
the top N recommendations. Extensive experimental results demonstrate that the
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RMNW model significantly outperforms state-of-the-art multiplex network link
prediction models. Sensitivity analysis further confirms the robustness and
effectiveness of the proposed model. Moreover, ablation studies reveal that
incorporating information from the research participation layer (auxiliary layer)
substantially enhances the performance of research leadership recommendations.

This study has certain limitations that warrant further investigation. In
constructing the research leading-participating multiplex network, we do not account
for the temporal attribute of the collaboration relationships. However, recent
collaborations are more likely to influence future collaboration and should ideally be
given greater weight. In subsequent research, we aim to incorporate temporal
attributes  of collaboration relationships to further improve recommendation
performance.
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