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Scientific Collaboration Prediction Based on Researcher Attributes and
Multiple Meta—Path Information
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(1. School of Computer Science , Chengdu University of Information Technology , Chengdu 610225, China ;2. Department of Out-pa-
tient, Sichuan Provincial People's Hospital , University of Electronic Science and Technology of China, Chengdu 610072, China)

Abstract: Academic collaboration broadens research horizons and promotes diversity and innovation in scientific research. In recent years, fu-
sion methods based on graph representation learning in heterogeneous academic networks have demonstrated good performance. However, ex-
isting collaborative prediction studies often utilize only a small amount of meta—path information and lack the introduction of other types of in-
formation, resulting in suboptimal prediction results in related category scenarios. Introducing overall category information can comprehensive-
ly capture different collaboration motivations. To handle overall category information, a novel hierarchical meta—path fusion graph neural net-
work model, HMFG, is proposed. This model models from both scholar individual attributes and heterogeneous structural information, obtains
neighbor features through lightweight mean aggregation, unifies meta—path dimensions using multi-layer feature projection, and combines
multi—head attention and gating mechanisms to achieve high—quality semantic fusion. Experiments conducted on the WOS and SCHOLAT data-
sets show that HMFG exhibits stable and excellent predictive performance on both datasets. In the WOS dataset constructed based on text fea-
tures, ACC, F1, and AUC achieve minimum performance improvements of 2.29%, 2.04%, and 1.08%, respectively.
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Fig.1 Framework of HMFG model
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Table 2 Performance comparison of each models on different datasets
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Ba AUC FL{E ACC AUC F1{E ACC
Deepwalk 07625 07118 0.6995 0.7789 0.7236 0.7076
Metapath2vec  0.8065 0.7415 0.7275 0.8183 0.7573 0.7347
HGT 0.8420 07713 0.7530 0.8544 0.7806 0.7629
HetSANN 09094 0.7900 0.7378 0.8965 0.7700 0.726 6
DiffGraph ~ 0.9030 0.7977 0.7524 09083 0.7781 0.7239
HAN 0.8149 07890 0.7947 0.8263 0.7565 0.7843

SEHGNN 09103 0.8375 0.8190 08914 0.8228 0.8157
MECCH 09125 0.8370 0.8220 09038 0.8220 0.8008
NoiseHGNN 09202 0.8243 08002 0.8691 0.7844 0.7517

HMFG 09310 0.8579 0.8449 09139 0.8376 0.8272
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Table 3 Comparison of model performance after incorporating non—
textual attributes

R3 WAEXKEMEFEEBMERELE

o Ll
AUC F1{g ACC

Deepwalk 0.771 2 0.727 5 0.7110
Metapath2vec 0.822 1 0.763 0 0.739 1
HGT 0.858 1 0.776 1 0.755 1
HetSANN 0.893 8 0.786 5 0.7357
DiffGraph 0.934 1 0.795 3 0.747 6
HAN 0.844 9 0.7977 0.805 3
SEHGNN 09133 0.839 1 0.8211
MECCH 09159 0.841 1 0.8251
NoiseHGNN 0.923 4 0.8250 0.803 1
HMFG 0.934 8 0.861 4 0.8509
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ORI AL B ARG SR A5 RN E 2 s o 3

Table 4 Results of imbalanced sampling experiment

R4 FTFEREALRER

pi JEF A HEA(WOS)
AUC 2{H

Deepwalk 0.761 0 0.0015
Metapath2vec 0.790 1 0.016 4
HGT 0.828 9 0.013 1
HetSANN 0.8737 0.0357
DiffGraph 0.8816 0.021 4
HAN 0.789 5 0.025 4
SEHGNN 0.892 1 0.018 2
MECCH 0.884 1 0.028 4
NoiseHGNN 0.8913 0.028 9
HMFG 09133 0.0177
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Fig. 2 The average performance of each model under different numbers of meta—paths
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Fig.3 The optimal performance of each model under different numbers of meta—paths
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Table 5 Prediction performance of core path and other path combina-

tions for HMFG
* 5 HMFG#ZOBEREMIREZAESHTNMEEE
TR ACC FU{E AUC
AAAAJAVAKAN\AKKA 0.8357 0.849 1 0.9238
AAA\AJA\ATA\AKA 0.8357 0.848 5 0.922 0
AAAAJA\ATA\AKKA 0.8342 0.8477 0.920 1
AAAATA\AKA\AKKA 0.8312 0.8450 09171
AKA\AJA\ATA 0.837 2 0.852 4 0.9305
AKA\AJA\AKKA 0.8345 0.848 3 0.925 1
AJA\ATA\AKKA 0.836 9 0.847 5 09123
AKA\ATA\AKKA 0.8309 0.8455 0.924 1
AAAAKA\AJA 0.8354 0.847 1 09148
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Table 6 Best meta—path combinations for model performance
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HAN AAAAKA\AKKA  AAA\AJANAKAVAKKA  AAA\AJANATANAKA\AKKA
NoiseHGNN AAA\AKA\AKKA  AAAVAJA\AKAVAKKA  AAA\AJA\ATA\AKA\AKKA
SEHGNN  AJA\ATA\AKKA  AAA\AJA\ATANAKKA - AAAVAJA\ATA\AKAVAKKA
MECCH  AAA\AIA\AKKA  AAA\AJA\ATANAKKA - AAAVAJANATANAKA\AKKA
HMFG AKA\AJANATA  AJANATA\AKAVAKKA - AAA\AJA\ATANAKA\AKKA
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Table 7 Results of ablation study
R7T HEEZHER

THRl AR ACC F1{H AUC
Variant#1 0.8132 0.8374 0.920 0
Variant#2 0.8378 0.849 7 0.928 8
Variant#3 0.839 4 0.850 0 0.918 9
HMFG 0.844 9 0.857 9 0.9310




22 - L QRO |

2026 4

4 HiE

ASCE S BHF AR S AESIILE 28 KR E R 2
FESE N SR T 205 B SR AR ML 4 th —Fp It
EH RS 205 B ou B AR Al G RS 1E IO BT HM-
FG. EARIF 12 RF] H BERT 42 02 1 s 18 SR
1) 24 BRFEE , SR e 2 5 S48 Jm R G 5 2 )2 18 LK
L IR A B BB A Z Sk TR ) OBGE T AL S5 AL
il AT TR I AR e 5 Rk . E WOS
5 SCHOLAT Wi 2548 4 L ili4T T R IIE , IE ¢ HMFG
RERVAEAN [F] T R AR 26 B ete e AL S i 0l v fig
LT RSB IS AR I B S i
FEZE AL, R RAF 8 Rl OR 5 AR E . A C
S LS RN T A VESh LA R, W ) ALK 55 B 5 %8R
HANE 22 SRR SCRRAE XS T () TR o SR, AR SR ATI A A
iRz [a], Fln, BARTUE X 2 AR T0 B AR A S5 v U
T AR (A T BE AR R EEATH AR — o 11 40 358 S 56 A
Bz HMES AENAE T . RREHER A IE N oGS
TR WS, G0 5 A% T k24 2 5k A s Ak 3 R AL, LR RA
ML 7 R 0 N N i SR S (A 2 NI 2 S e 1
I8, WG 4R 5 6 1 OC 2R HAT I b i) B ) AR e, ok
AL A (AR ) S5 g Tl 3l 2 IR 2 I 5%, L4 - T
o B (T R M R S A

S 3k

[1] ABRAMO G, D’ANGELO C A,DI COSTA F. Research collaboration and
productivity: is there correlation?[J]. Higher Education, 2009, 57(2) :
155-171.

[2]  ABRAMO G,D’ANGELO C A, DI COSTA F. Identifying interdisciplinari-
ty through the disciplinary classification of coauthors of scientific publica-
tions [J 1.
Technology, 2012, 63(11): 2206-2222.

[3] HUZ, ZHOU J, WEI W, et al. Predicting cross—domain collaboration us-
ing multi—task learning [J]. Expert Systems with Applications, 2024,
255: 124570.

[4] SUGIYAMA K,KUMAR T,KAN M Y, et al. Identifying citing sentences in

research papers using supervised learning [ C]//2010 International Confer-

Journal of the American Society for Information Science and

ence on Information Retrieval & Knowledge Management,2010: 67-72.

[5] JEH G, WIDOM J. Simrank: a measure of structural—context similarity
[C]/Proceedings of the Eighth ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining,2002: 538-543.

[6] RODRIGUESM W,BRANDAO W C,ZARATE L E. Recommending scien-
tific collaboration from researchgate [C]//2018 7th Brazilian Conference on
Intelligent Systems (BRACIS),2018:336-341.

[7] LUY, YUAN M, LIU J, et al. Research on semantic representation and
citation recommendation of scientific papers with multiple semantics fusion
[J]. Scientometrics, 2023, 128(2): 1367-1393.

[8] XIONG H X, LI X M, DU J. Scholar recommendation based on academic
keywords and co-citation [J]. Journal of Intelligence, 2021, 40 (7) :
725-733.
fewm A, Foask, . A TFRXAL LW FHIEFHRL
[J]. HEaR53R, 2021, 40(7): 725-733.

[9] YUCM, LIN A C,ZHONG Y C, et al. Research on scientific collaboration

recommendation based on network representation learning [J1. Journal of

[10]

[11]

[14]

[15]

[16]

[18]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

Intelligence,2019,38(5) : 500-511.
AAE, R, AP, 5.
7 [J]. WA, 2019, 38(5): 500-511.

T W 2 R 5] 49 BB AR e AT

YANG C,LIU T,CHEN X, et al. HNRWalker: recommending academic
collaborators with dynamic transition probabilities in heterogeneous net-
works[J]. Scientometrics, 2020, 123(1): 429-449.
TU C, LIU H, LIU Z, et al. Cane: context-aware network embedding
for relation modeling [ C]//Proceedings of the 55th Annual Meeting of the
Association for Computational Linguistics,2017:1722-1731.
YUAN C, HEY, LIN R, et al. Graph embedding for scholar recommen-
dation in academic social networks [J]. Frontiers in Physics, 2021, 9:
768006.
SONG X,ZHANG Y, PAN R, et al. Link prediction for statistical collabo-
ration networks incorporating institutes and research interests [J]. IEEE
Access, 2022, 10: 104954-104965.
HU Z,ZHOU J, WEI W, et al. Predicting cross—domain collaboration us-
ing multi-task learning [J]. Expert Systems with Applications, 2024,
255: 124570.
LI H,HU Y. Metapath and attribute~based academic collaborator recom-
mendation in heterogeneous academic networks [J]. Scientometrics,
2024, 129(7) : 4295-4315.
LI X, WANG M, LIU X. Predicting collaborative relationship among
scholars by integrating scholars’ content—based and structure—based fea-
tures[ J]. Scientometrics, 2024,129(6): 3225-3244.
JIN B, ZHANG Y, ZHU Q, et al. Heterformer: Transformer—based deep
node representation learning on heterogeneous text-rich networks [ C]//
Proceedings of the 29th ACM SIGKDD Conference on Knowledge Discov-
ery and Data Mining,2023:1020-1031.
ZHANG W,YIN Z,SHENG Z, et al. Graph attention multi-layer percep-
tron [ C ]//Proceedings of the 28th ACM SIGKDD Conference on Knowl-
edge Discovery and Data Mining,2022:4560-4570.
PEROZZI B, AL-RFOU R, SKIENA S. Deepwalk: online learning of
social representations [C]//Pro(:eedings of the 20th ACM SIGKDD Inter-
national Conference on Knowledge Discovery and Data Mining, 2014:
701-710.
DONG Y,CHAWLA N V,SWAMI A. metapath2vec: scalable representa-
tion learning for heterogeneous networks [C]//Proceedings of the 23rd
ACM SIGKDD International Conference on Knowledge Discovery and Da-
ta Mining,2017:135-144.
HONG H,GUO H,LIN Y, et al. An attention—based graph neural network
for heterogeneous structural learning [ C]//Proceedings of the AAAI Con-
ference on Artificial Intelligence,2020: 4132-4139.
HU Z,DONG Y, WANG K, et al. Heterogeneous graph transformer [ C//
Proceedings of the Web Conference,2020: 2704-2710.
LI Z, XIA L, HUA H, et al. DiffGraph: heterogeneous graph diffusion
model [C]//Proceedings of the Eighteenth ACM International Conference
on Web Search and Data Mining, 2025 :40-49.
WANG X, JT H,SHI C, et al. Heterogeneous graph attention network rcin
The World Wide Web Conference,2019: 2022-2032.
YANG X, YAN M, PAN S, et al. Simple and efficient heterogeneous
graph neural network [ C J/Proceedings of the AAAT Conference on Artifi-
cial Intelligence ,2023:10816-10824.
FU X, KING I. MECCH: metapath context convolution—based heteroge-
neous graph neural networks [J]. Neural Networks, 2024, 170:
266-275.
XIONG Z, XIE C, DUAN H, et al. NoiseHGNN: synthesized similarity
graph—based neural network for noised heterogeneous graph representa-
tion learning[C]//Proceedings of the AAAI Conference on Artificial Intel-
ligence,2025:21725-21733.

(Tt AE s i . TR 3s)



