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Abstract
Purpose: To propose a novel method for recommending future scientific collabo-
rations by integrating link prediction with machine learning, thereby improving
recommendation accuracy over approaches based solely on link prediction.

Method: We construct a weighted author collaboration network, employ various
link prediction indices as feature inputs, utilize the Extremely Randomized Trees
(ET) machine learning algorithm to train a classifier, and apply a traversal
algorithm to obtain the optimal weight combination for classification results,
selecting top-accuracy predictions as collaboration recommendations.

Results: Empirical analysis is conducted using SCI paper data from the nan-
otechnology field spanning 2008–2010. In city collaboration recommendation,
the improved ET method outperforms existing approaches with favorable rec-
ommendation success rates; the prediction method is less susceptible to factors
such as network structure and demonstrates broader applicability.

Limitations: Scientific collaboration is influenced by various factors including
collaboration motivation, geography, and language; the weighted author collabo-
ration network neither reflects multiple authors from the same city or institution
within a single paper nor accounts for these aforementioned factors.

Conclusion: The improved algorithm can produce more accurate collaboration
recommendation suggestions than individual prediction indices and provides a
reference for extension to more granular application levels, such as universities
and other institutions, and individuals.
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Abstract
[Objective] This paper proposes a novel method for recommending future scien-
tific research collaborations by combining link prediction with machine learning,
aiming to improve recommendation accuracy beyond methods based solely on
link prediction. [Methods] We constructed a weighted author collaboration
network and employed the Extremely Randomized Trees (ET) machine learn-
ing algorithm for classification training, using various link prediction metrics as
feature inputs. A traversal algorithm was then applied to obtain the optimal
weight combination for classification results, with top-accuracy predictions se-
lected as collaboration recommendations. [Results] Using SCI paper data from
the nanotechnology field (2008–2010) for empirical validation, the improved ET
method outperformed existing approaches in city-level collaboration recommen-
dations with high success rates. The method was also less influenced by network
structure and other factors, demonstrating broader applicability. [Limitations]
Research collaboration is influenced by numerous factors including motivation,
geography, and language. The weighted author collaboration network does not
reflect multiple authors from the same city or institution within a single paper,
nor does it account for these influencing factors. [Conclusions] The improved
algorithm generates more accurate collaboration recommendations than indi-
vidual prediction metrics and provides a reference for extending applications to
more granular contexts such as universities, institutions, and individuals.

Keywords: Scientific Research Collaboration Network; Link Prediction; Ma-
chine Learning; Random Forest; Extremely Randomized Trees; Recommenda-
tion

1. Introduction
In the era of the knowledge economy, collaborative relationships facilitate the ex-
change, transfer, and sharing of knowledge within certain social relationships [1].
As a crucial form of scientific production, research collaboration has become a
powerful driver of scientific output growth and innovation. From the perspective
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of research outputs, co-authorship represents one of the most explicit manifes-
tations of research collaboration, with complex relationships among co-authors
forming scientific collaboration networks. These networks evolve over time, and
scholars have investigated them from various angles including network structure
[2-4], evolutionary mechanisms [5], and network growth [6-7]. Kretschmer [8]
focused on individual collaborative behaviors.

In recent years, link prediction methods in complex networks have attracted in-
creasing attention, with important applications in network reconstruction, eval-
uation of network evolution models, and recommendation systems [9-10]. Due
to their significant impact across numerous fields and superior predictive perfor-
mance, these methods have gradually been introduced to library and information
science. Within this domain, link prediction methods for scientific collaboration
networks have achieved considerable progress [11-14]. However, the prediction
accuracy of link prediction itself heavily depends on network topology, resulting
in limited applicability. Ensemble learning in machine learning addresses this
limitation by integrating multiple different link prediction algorithms, which not
only significantly expands the applicability of link prediction methods but also
further improves their recommendation accuracy.

This paper summarizes research progress on link prediction methods in scien-
tific collaboration networks. Using nanotechnology research collaborations as
an example, we explore methods for recommending future research partners
based on link prediction and Extremely Randomized Trees. By combining link
prediction with machine learning and comparing Random Forest and Extremely
Randomized Trees algorithms, we find that the Extremely Randomized Trees
algorithm achieves higher prediction accuracy. We further improve the method
by using enumeration to obtain optimal combination weights for recommenda-
tion ranking, yielding more precise results. This provides an effective approach
for generating accurate collaboration recommendations for both collaborators
themselves and policy makers.

2. Link Prediction and Machine Learning
Link prediction in networks involves predicting the existence of edges between
two nodes based on node characteristics or existing structural features. Getoor
et al. [15] early proposed that the link prediction problem in networks refers to
how to predict the likelihood of connection between two nodes that have not
yet been linked, using known network nodes and structural information.

Link prediction has been extensively studied in complex networks. Liben-Nowell
et al. [16] provided pioneering work on link prediction methodologies, and Lü
Linyuan et al. [9, 17] introduced these ideas to the domestic literature, sum-
marizing three research approaches based on network topology: node similarity-
based link prediction, maximum likelihood estimation-based link prediction, and
probabilistic model-based link prediction. Each approach has distinct advan-
tages and limitations. Node similarity-based methods only involve network
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structural information with relatively simple similarity index calculations, but
their predictive power varies across different networks, with accuracy depend-
ing on whether the similarity measure effectively captures the target network’
s structural characteristics. Maximum likelihood estimation-based methods tar-
get the entire network structure, resulting in high computational complexity
that makes them unsuitable for large-scale networks. Probabilistic model-based
methods offer higher prediction accuracy by utilizing both network structure
and node attribute information, but suffer from high computational complexity
and non-universal parameters that limit their application scope.

Due to their strong performance, link prediction methods have attracted
widespread attention from scientists across different fields and backgrounds.
For collaboration networks constructed among knowledge creation entities,
with co-authored papers as the basic manifestation, link prediction has been
integrated into research collaboration recommendation methods. Related
research can be broadly categorized into four approaches (see ).

The first approach involves index weighting, where collaboration frequency is
added as a weight to metrics, which can improve link prediction accuracy in
certain contexts. The second is time-series analysis, which improves prediction
metrics by incorporating temporal factors to simulate evolution processes. The
third involves comparing networks at different levels, applying link prediction
methods at national, institutional, and author levels, finding that prediction
accuracy increases at more macroscopic levels. The fourth uses weighted net-
works, constructing networks from different perspectives, applying link predic-
tion methods to each network separately, and then weighting the similarity
scores before ranking.

These four categories primarily employ node similarity-based link prediction
metrics. However, they either analyze single link prediction metrics directly or
perform simple linear weighting of similarity scores from several metrics, which
fails to achieve optimal prediction effectiveness. To date, more than 30 metrics
have been used for link prediction, but single metrics consider relatively limited
information and their recommendation success rates depend on the network’s
topological structure, resulting in limited method applicability. Therefore, find-
ing appropriate ways to integrate these metrics or incorporate more attributes
into a single metric to achieve broader applicability and higher recommendation
success rates has become a research direction.

Mitchell [22] proposed that ensemble learning in machine learning importantly
combines various features, leveraging their respective strengths through diverse
integrated learning systems. Ensemble learning has been attempted in research
collaboration domains. Guns et al. [12] proposed combining Random Forest
(RF) methods to study inter-city research collaboration in Africa, the Middle
East, and South Asia, constructing weighted collaboration networks for malaria
and tuberculosis research across three consecutive periods (1997–2001, 2002–
2006, 2007–2011). Using the Random Forest algorithm from ensemble learning
to build classifiers, they recommended top-ranked predictions as collaboration
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suggestions, achieving better recommendation accuracy than individual link pre-
diction metrics.

In recent years, machine learning has been increasingly applied across academic
fields, and the idea of combining it with link prediction has begun to attract
attention [23]. This paper improves upon Guns et al.’s [12] RF method (here-
inafter referred to as the“RF method”), with the improved method called the
“improved ET method.”By combining link prediction with machine learning,
we aim to improve the accuracy of research collaboration recommendations and
enhance practicality.

3. Data Description and Network Construction
This study conducts research collaboration recommendations in the nanotechnol-
ogy field. Using search strategies constructed by Arora et al. [24], we retrieved
data from the Web of Science (WOS) Core Collection (the retrieval formula
includes various nanotechnology keywords with some stop words removed; omit-
ted here due to space limitations). We selected three time periods—2008, 2009,
and 2010—with all nanotechnology Article-type papers from each year forming
a research collaboration network, creating three continuously evolving networks
as shown in .

When constructing networks, we extracted cities to build weighted collaboration
networks, with each city representing a node in the network and all cities forming
the node set. Specifically, if a paper had two authors from different cities, those
two cities were recorded as collaborating once. If a paper had multiple authors
from different cities, those cities were connected by an edge in the network,
with the edge weight incremented by 1. The weight between cities A and B
equals the number of articles co-authored by authors from cities A and B. Due
to significant variations in address formats and data inconsistencies, all results
were manually checked and corrected as necessary.

4. Research Collaboration Recommendation Based on Link
Prediction and ET
The approach involves first extracting appropriate link prediction metric fea-
tures, then building machine learning models based on these features, and fi-
nally integrating different features within the ET algorithm to achieve better
results.

4.1 Feature Selection for Link Prediction Metrics

We focus on cities within target countries that have not yet collaborated and
are interested in whether they will form collaborations. For each link prediction
metric, we determine the correlation score S between each pair of nodes based
on the existing network, select pairs that are not yet connected, and rank them
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in descending order according to S to generate a list of cities most likely to
collaborate in the future.

Among the three link prediction approaches, node similarity-based methods are
computationally simple, applicable to large-scale networks, and perform well in
networks with appropriate topological structures, making them widely used in
knowledge network research. This paper primarily focuses on node similarity-
based link prediction methods. Considering both algorithm efficiency and pre-
diction performance [25], we selected six metrics as machine learning input fea-
tures: metrics considering neighbor information including Common Neighbours
(CN), Adamic/Adar [26] (AA), and Resource Allocation (RA); and metrics con-
sidering overall network topology including Katz [27], Graph Distance (GD),
and SimRank. Guns’[18] research indicates that appropriately incorporating
weights into metrics can improve prediction accuracy, so our experiments only
include weighted versions.

Feature extraction using link prediction methods mainly involves two steps [28]:
applying link prediction metrics to a training network to predict potential new
links, and evaluating the metrics by comparing them with a test network.

4.2 Integrating the ET Method

Both Random Forest (RF) and ET belong to ensemble learning in machine
learning. Random Forest selects the most effective feature from the feature
set for classification, potentially yielding slightly better results, but multiple
runs may produce unstable outcomes. Subsequently, ET was developed, which
selects features completely randomly, producing results with smaller variance
and greater stability. After comparing the two, this paper primarily selects ET
as the training method, with specific steps as follows:

1. Divide the dataset into three periods: 2008, 2009, and 2010. Use 2008
data to construct the early network A1, 2009 data to construct the later
network A2, and 2010 data as the validation set.

2. Select appropriate link prediction metrics and calculate correlation scores
for each node pair in A1.

3. Use correlation scores as features. ET learns from features in A1 and
corresponding classification data in A2 (whether connected), using the
known existence of edges in A2 (represented by 0 or 1) as classification
results to build the model. By learning the correlation strength of each
prediction metric in the current time slice and whether connections occur
in the next time slice, the method constructs a relatively accurate classifier.

4. For each possible connection in A2, match the correlation scores obtained
from link prediction metrics in A1.

5. Use features from A2 as the test set and apply the previously constructed
classifier for classification, providing predicted classification results and
selecting potentially connectable node pairs for re-evaluation.

6. Assign weights to the re-selected potentially connectable node pairs from

chinarxiv.org/items/chinaxiv-201711.01942 Machine Translation

https://chinarxiv.org/items/chinaxiv-201711.01942


step 5, with each weight combination corresponding to a set of recommen-
dation accuracies.

7. Enumerate all possible weight combinations, select the weight combina-
tion corresponding to the highest accuracy recommendation result, and
recommend the top n predicted results as collaboration pairs.

We used the Python package LinkPred provided by Guns to calculate link pre-
diction metrics and Scikit-learn [29] for machine learning training. The number
of trees in the RF/ET algorithm forest was set to 400, and recommendation
accuracies represent averages of 10 computational runs.

4.3 Evaluation Metrics

Commonly used evaluation metrics for link prediction include AUC, Precision,
and Ranking Score, each measuring prediction accuracy from different perspec-
tives. AUC measures overall algorithm accuracy [30], Precision only considers
whether edges in the top L positions are predicted correctly [31], and Ranking
Score focuses more on the ranking of predicted edges [32].

In practical applications, decision-makers and researchers are interested in
collaborations with high potential and typically only focus on the top few most
likely collaboration groups rather than those ranked beyond several dozen.
Therefore, this paper adopts Precision to evaluate recommendation results,
selecting the top 10 predictions for recommendation. Using networks from 2008
and 2009 as the training set to generate recommendations for the post-2009
collaboration network, we define s as the number of successful recommendations
and n as the total number of recommendations. Recommendation accuracy is
defined as s/n, serving as a measure of recommendation quality.

5. Results and Analysis
5.1 Accuracy Comparison of Individual Metrics, RF, and ET

Predicting collaborations between research institutes in different cities based on
correlation scores, we applied six weighted metrics—AA, CN, GD, Katz, RA, and
SimRank—individually. The prediction accuracy results are shown in and [Fig-
ure 1: see original paper]. For the weighted versions, parameters were: Weighted
Katz: 𝛼=1; Weighted Graph Distance: parameter not specified; Weighted Sim-
Rank: C not specified.

Using the same approach but employing the ET algorithm for training, the re-
sulting recommendation accuracies are also shown in . Comparing the six link
prediction metrics, the RF algorithm, and ET reveals that the six link predic-
tion metrics maintain prediction effectiveness around 80%, except for SimRank,
which performs poorly. Typically, prediction accuracy decreases as the number
of recommendations increases, though some metrics exhibit different patterns.
Surprisingly, the existing integrated RF method achieves only about 60% accu-
racy, which is lower than some individual link prediction metrics. The integrated
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ET method improves recommendation accuracy to some extent, but overall per-
formance remains inferior to some individual metrics. Therefore, we improved
Guns’algorithm by adopting the ET algorithm for model construction and im-
plementing a traversal algorithm to enumerate all possible weight combinations,
selecting the combination with the best predictive performance as the optimal
weight combination.

5.2 Obtaining Optimal Weights

In the further improved method, we do not directly use Gini Importance as
weights. Instead, we use a traversal algorithm to enumerate all possible weight
combinations, with each combination corresponding to a set of recommendation
accuracy results. To prevent excessive randomness in ET prediction results,
accuracies represent averages of 10 computational runs. We selected the top 5
weight combinations with the best accuracy, as shown in .

5.3 Analysis of Results

The improved ET method shows decreasing prediction accuracy as the number
of recommendations increases, but among the top 10 recommendations, accu-
racy equals or approaches 100%, outperforming both individual link prediction
metrics and RF and ET methods. The reasons are as follows:

1. Intuitively, if five metrics all suggest that two cities may collaborate, the
integrated learning result is more likely to predict collaboration. If only
two metrics predict potential collaboration while the other three predict no
collaboration, the integrated learning result may not strongly favor collab-
oration between these two cities. Therefore, integrated learning achieves
higher recommendation accuracy than individual metrics.

2. The RF method integrates six link prediction metrics with varying indi-
vidual accuracies, and less accurate metrics affect final prediction results.
The improved ET method extracts five metrics with prediction effective-
ness above 70%, representing a better feature selection process. As shown
in , SimRank performs poorly on our dataset, so we excluded it from the
ET integration algorithm, using only the top five metrics.

3. The RF method’s prediction accuracy is not optimal because Gini Impor-
tance does not always accurately reflect weights in some cases—important
metrics do not necessarily have larger weights—and RF does not perform
well on our dataset. The improved ET method, by traversing all possi-
ble weight combinations, can achieve optimal accuracy. Moreover, the
improved ET algorithm integrates different link prediction metrics with
distinct features, enabling effective training across networks with different
topological structures and broader applicability.

The improved ET algorithm demonstrates higher stability, with minimal vari-
ance for each metric across the five effective weight combinations. For example,
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GD’s weight interval across the five combinations is [0.85,1.0], and RA’s weight
interval is [0.0,0.1]. Therefore, we can confidently adopt the weight combination
([AA, CN, GD, Katz, RA]:[0.0, 0.0, 1.0, 0.0, 0.0]) as optimal.

In the improved ET algorithm, link prediction metrics with higher individual
prediction accuracy receive relatively higher corresponding weights, indicating
their greater role in predictions. In practical applications, one can first select nu-
merous link prediction metrics for prediction, then extract the better-performing
metrics as feature inputs for the ET algorithm to ensure better machine learning
effectiveness.

Compared with traditional library and information science approaches that rely
solely on citation frequency and limited factors for network construction and link
prediction, combining link prediction methods with ET and referencing more
factors to predict future collaborations achieves better method applicability and
accuracy. Additionally, this machine learning approach offers a prominent ad-
vantage: it can effectively reduce time complexity and improve efficiency when
dealing with large-scale collaboration network problems.

6. Conclusion
This paper introduces an improved research collaboration recommendation
method based on link prediction and ET, proposing the ET algorithm with
better predictive performance. By adding a step to enumerate all possible
weights to solve for the optimal weight combination and using this optimal
combination for ranking, recommendation accuracy is greatly improved, with
success rates exceeding those of all individual metrics. The ET algorithm
integrates different link prediction metrics with distinct features, enabling
effective training across networks with different topological structures, making
the results more stable and broadly applicable than individual link prediction
methods. This represents an excellent approach for recommending research
partners. Compared with machine learning methods such as support vector
machines, it offers better time complexity, providing prominent advantages
when processing large-scale research collaboration networks and enabling
application at more granular levels for research collaboration recommendations.

When constructing our dataset, if multiple authors from the same city con-
tributed to one paper, they were counted as a single author. For example, a
paper with five authors from city A and three from city B was treated as having
one author from each city. Future research will attempt to consider multiple au-
thors from the same city separately from a heterogeneous network perspective.

At the city level, cities worldwide have distinct research characteristics, and
finding research partners can maximize one’s research advantages. Collabo-
ration between less research-intensive cities and more developed ones is also
attractive [34], such as establishing local elite centers and gaining more compre-
hensive understanding of shared needs and problems in developing countries [35].
Additionally, our method can be extended to more granular contexts such as
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research institutions and individual researchers, providing more practical value.
However, networks constructed at micro-levels become excessively large, making
link prediction analysis inefficient with existing tools. If existing link prediction
methods or datasets can be improved to obtain prediction results from various
metrics, our method can be applied for collaboration recommendation, which is
also a research objective of this paper.

Overall, the application of link prediction in research collaboration recommen-
dation remains in an exploratory and empirical research stage. Different pre-
diction metrics and methods have their own advantages, disadvantages, and
application scopes. Therefore, finding appropriate ways to integrate different
prediction results or incorporate as much information as possible (such as net-
work node attributes and network topology) into metrics represents a future
research direction. Meanwhile, leveraging the theoretical framework and eval-
uation methods of link prediction can provide recommendations for interdisci-
plinary collaboration trends and research groups, thereby solving the challenge
of finding collaborators [36]. Further conclusions require more experimental
support, which constitutes future work.
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