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Abstract Scientific cooperation is a very important form of academic achievement. Many high-level
researches are achieved through cooperation. Researching the collaboration potential can provide
guidance for scholars to choose collaborators and maximize the efficiency of scientific research.
However, the current outbursts of big data have hindered the effective choice of collaborators. In
order to solve the problem, based on scholar-paper big data, after features analysis and optimization
and comprehensively considering individual attributes and related attributes of scholars’ papers,
institutions, research interests, etc., sample features from various dimensions such as paper title,
paper rank, paper number, time and coauthor order are constructed. Taking journal or conference
level of papers as the sample tags of collaborators sequence pairs, which indicates the potential of
current cooperators and make use of the strong learning characteristics of the ensemble methods, a
scientific collaborator potential prediction model based on ensemble learning classification method is
proposed. After analyzing and constructing the feature set that corresponds to the problem of scientific
collaborator potential prediction, classification method is adopted to solve the problem. In
experiments, the accuracy, recall rate, and F1 score are much higher than those of traditional machine
learning methods and can converge to high values (above 80%) with few samples and little time,

indicating the superiority of the proposed model.

Key words scientific cooperation; potential prediction; feature construction; big scholar data;

ensemble learning
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Table 2 Confused Matrix
x2 BEEE

Labels

Labels

Actual is True Actual is False

Predicted is True  True Positive(TP) False Positive(FP)

Predicted is False False Negative(FN)  True Negative(TN)

TP : H.ShR % Ry TE A9 B 140 4 5 hy 1E 1) 5
FN : FLSSRR 28 Oy TE A9 R B 10 3 40 7 A 1E497) 5
FP: ELSEAR %A 5001 00 90 i 1 4 2 Ol AE A1)
TN : ELSEhR %y 5451 4 2K Bl 0 7 Ry e 1],
FH 1R VA 5B B4 A5 B HE R 2R (precision, P) A [
(recall, R).F1 5% (F1l-score, F)il &R
TP

P=1pirp (12)
TP
R=TpTEN" (13
_ 2XPXR (1)
- P+R -

33 IRERRASW

R T I8 UE AR SR 3 AR A A A A T ) T [ R
S R B LK X TP L. ENLFP, TN U418
PruEAT I L &L W) I 51 A B 3R B (decision tree,
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Fig. 10 Experimental results with training dataset increasing
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