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ABSTRACT

In network analysis, the prediction of the connections or associations between
entities or nodes within the network becomes important. Link Prediction is the
problem of predicting or identifying the existence of a link between two entities
in a network. However, it still the main issue in the complex network data
application field, particularly in the type of analysis related to co-authorship
networks despite its wide usage. Topological methods and content-based
methods are the two different approaches that have been proposed for the link
prediction in collaboration networks. However, topological methods are based
on the structural analysis of the network, and content-based approaches rely
on textual information from academic papers in the network. In this paper, we
introduce the Content and Graph-Based Link Prediction (CGLP) approach,
which integrates topological and content-based features from networks in a
hybrid manner for predicting links in co-authorship networks. The efficacy of
the proposed approach was already tested using three academic datasets:
Hep-th, Hep-lat, and AMC by applying various machine learning models.
Results indicated that all models showed almost the same efficiency on all
three datasets and outperformed the state-of-the-art approach with a
maximum F1 score of 98.05% and ROC AUC of 98.74%.
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1l.Introduction

A social network (SN) may be defined as a finite
number of nodes with several kinds of relations
between them. The interactions in a social
network represent the particular characteristics of
the nodes and the interaction properties of their
respective links, i.e., engaging in cooperative
activities, working on projects, or coordinating
scientific efforts (Bergmeir et al., 2018). A good
example is a community of researchers
collaborating to transcend multidisciplinary,
intricate issues. Research quality and novelty
can be improved through reciprocal exchange of
innovative ideas, exchange of knowledge, and
interaction among academics (Kong et al., 2019).
An extremely good example of a social network
is a co-authorship network, in which two authors
get together with the objective of composing a
scientific paper. For co-authorship networks, the
authors of a manuscript are the nodes, and co-
authorship or publication order between two
different nodes that have collaborated to produce
a co-authored manuscript is the edge.

A SN is composed of several points, known as
nodes, and various kinds of links between them.
The links are wusually caused by specific
attributes of the nodes and their interactions,
e.g., cooperating, collaborating on projects, or
attending scientific conferences (Wang et al.,
2014). For example, studying a community of
scientists collaborating on problems that cover
many various areas. Research quality and
innovation rise when there is exchange of
knowledge, sharing of new ideas, and
collaboration among researchers through the
study of these collaboration (Kong et al., 2019).
A further compelling illustration of a social
network is the co-authorship network. This
network is an excellent example of the
relationship between authors since they work
together to come up with a research paper. An
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author is denoted by a node, and the line
denotes the relationship between two authors
who have co-authored a paper. Various symbols
can be used to denote information regarding the
frequency of their co-authorship or the year when
their papers were accepted. A feature vector can
be constructed for all research papers in order to
discover similarities among titles and abstracts.
By doing this, it is easy to predict potential future
collaborations among authors. It is a challenging
problem to predict the co-authorship relationship
among authors and thus such a prediction task is
referred to as LP.

To view the LP problem, we need to look at a
provided graph or network referred to as G=(V,E)
at time t. G here is a graph or network made up
of authors connected together. Here, V is a
collection of points or nodes that are tantamount
to scholarly authors, and E is a collection of lines
or links at time t that represent relationships or
links between the authors in network G. The goal
of the link prediction (LP) task is to predict
potential links that can exist between time steps t
and t+1, with the condition that t must be smaller
than t+1 (Yuliansyah et al.,, 2020, Zhang and
Chen, 2018).

Based on that, pairs of nodes connections will be
generated at time t to t+1 for the prediction of
missing links or future links that might represent
the future collaboration in the network G
(Newman, 2004). Fig.1 theoretically shows the
problem of LP concerning the parameter of time.
Most of the LP literature has relied on basic and
simple analysis metrics (Affonso et al., 2022,
Daud et al.,, 2020, Hasin and Hassan, 2022,
Razzaq et al.,, 2022, Resce et al., 2022). The
literature has successfully proposed LP
approaches based on the topological methods
and content-based methods to predict the future
links in the co-authorship networks.
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Fig.1 Graphical representation of the LP problem; the dotted lines represent the predicted links at
time (t').

Topological methods mean the understanding of
the topological or the structural properties of the
graph and the relationship between the
connected nodes using mathematical concepts
from the network structure (Chen et al., 2021,
Nasiri et al.,, 2021). On the other hand, the
content-based methods rely on attributes, the
content, and the textual information about the
nodes in the network (Do et al., 2019, Lande et
al., 2020).

The main property of the topological-based
approaches is the simplicity and the ease of
achieving score ranking for each unobserved pair
of nodes with a high computational time (Kumar
et al., 2020b). Whereas, the content-based
approaches are considered effective only when
rich contextual information is available otherwise
it considered less accurate because content
might contain noisy and irrelevant data (LU and
Zhou, 2011, Kumari et al., 2022). Moreover, the
content-based  approaches require deep
understanding of the domain specified for the
problem.

Various content-based methods have been
proposed in the literature specifically by
(Hassan, 2019, Quercia et al., 2012, Sachan and
Ichise, 2010). The shortcomings in both
topological and content-based methods have
inspired this study, along with other such
research efforts in the domain, to explore hybrid
methods that can exploit the merits of both
methods to further enhance link prediction in co-
authorship networks. In (Antunes et al.), Antunes
et al. proposed a hybrid linear programming
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approach named ConPredict that integrates
structural network patterns and contextual
information derived from nodes, i.e., the titles
and abstracts of scientific papers authored by
scientists. To implement this approach, the
authors employed a collection of metrics such as
the Shortest Path (SP) distance between nodes,
the Jaccard distance, and node similarity
according to the frequency of word use within the
nodes. The authors asserted that ConPredict
performed better than the techniques they had
previously employed with an F1 score of 86.02%.
(Chuan et al.,, 2018) proposed a novel hybrid
approach, namely LDAcosin, to predict author-
author relationships among three different co-
authorship networks: AMC, Hep-th, and Hep-lat.
It was based on analyzing structural and content-
based similarities of pairs of research articles
authored by the same two authors in the
specified individual networks. The LDAcosin
approach employs a content similarity measuring
method called Latent Dirichlet Allocation (LDA)
that is reinforced by various weighted topological
indices such as weighted common neighbors,
weighted Jaccard coefficients, and weighted
Adamic-Adar indices. To achieve its predictive
functionality, LDAcosin engagements a weighted
binary classification technique, specifically a
weighted Support Vector Machine (SVM). The
LDAcosin's performance was evaluated through
experimentation on the three real-world co-
authorship networks presented above. The
results confirmed that LDAcosin outperformed
content- or topology-based baseline methods
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with an accuracy of 32.50% in F1 score and
66.26% in the area under the ROC curve.

In (Wu et al., 2021), Wu et al. presented an LP
approach named LP-UIT (link prediction based
on user information and topology). The approach
used textual information from each node
representing an author. The proposed
approach’s information representing the short-
term and long-term interests of each user, graph
information, social influence, and numerical
information for the designing a multimodal
framework for link prediction. A graph
convolutional network (GCN) was used to
represent the graph structure and a multilayer
perceptron (MLP) model is used to tune the three
types of features (textual, topological, and
numerical) for link prediction. Two real world
social networks were used to evaluate the
effectiveness of the proposed method named as
Zhihu and Epinions datasets. The results
demonstrated that the LP-UIT achieved an AUC
of 95.16%.

In this study and based on the reviewing of the
literature and their results, the goal of this paper
is to design a new hybrid approach called
content and graph-based link prediction (CGLP)
for link prediction in three real world co-
authorship networks Hep-th, Hep-lat, and AMC to
improve the overall accuracy of the prediction.
Our proposed approach combines leverages
both topological and content-based approaches
using different attributes. The topological
features are extracted from the network structure
and academic links among authors, whereas the
content-based features extract information from
the content of the paper shared between two
authors such as the research topics abstract, and
interests shared among the authors. To evaluate
the efficacy of the generated feature vectors in
predicting future links within the input graph
datasets, four machine learning (ML) algorithms
are employed: K-nearest neighbors (KNNSs),
decision trees (DTs), random forests (RFs), and
support vector machines (SVMs).

Using this proposed hybrid approach, it will be
able to synthesizes the interpretability and
explicit feature manipulation capabilities of
traditional topological methods with the semantic
richness of content-based techniques. In
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contrasts with graph-based deep learning
paradigms such as Graph Neural Networks
(GNNs), which present scalability limitations,
while demonstrating proficiency in automatically
deriving complex relational patterns through
learned feature representations and propagation
mechanisms (Zhang and Chen, 2018). Wu et al.
(2021) in (Wu et al.,, 2020) noted that iterative
message-passing operations in GNNs impose
significant computational overhead, restricting
their effectiveness in sparse or moderately sized
network scenarios. Furthermore, GNN-derived
representations remain comparatively opaque
(Kong et al., 2019), complicating interpretability
of decision-making processes.

Our proposed hybrid methodology presented in
this paper addresses these limitations by
strategically balancing computational efficiency
and transparency. Its architecture leverages
domain-specific feature engineering to enhance
interpretability while retaining semantic depth,
positioning it as particularly advantageous for
moderate-scale datasets. This dual emphasis on
explicit feature analysis and algorithmic
transparency makes the framework especially
suitable for analytical contexts where theoretical
rigor and reproducibility are prioritized over black-
box optimization.

The rest of the paper is organized as follows:
Section 2 presents the materials and methods
used in the proposed approach. The
experimental results along with a discussion are
presented in Section 3 and Section 4 concludes
the paper and suggests some future research
directions.

2.Datasets and Approach

2.1 Dataset Description

Three different co-authorship datasets are used
in this study: Hep-th and Hep-lat documents
ranged between the years 2003--2009 from the
high-energy physics papers and AMC dataset
from the journal of applied mathematics and
computation papers, between 2008--2014"

1 Hep-th dataset from Cornell University,
arxiv.org/archive/Hep-th/. Accessed on 17/11/2023.
Hep-lat dataset from Cornell University,
arxiv.org/archive/Hep-lat/. Accessed on 17/11/2023.
AMC dataset from the Journal of Applied Mathematics
and Computation. Accessed on 17/11/2023.
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(Chuan et al., 2018). The datasets are useful in
LP problems applying content-based approaches
since they contain textual information such as
author names, topics, abstracts, and other
related information. Other information is also
available in the first two datasets such as the
number of journals and the citations in which the
papers are exist. In this work, the non-relevant
features and information regard Hep-th and Hep-
lat datasets were eliminated. Table 1 presents
the statistics of the graphs before analyzing the
data. Figs. 2, 3, and 4 visualize the graphs for
the AMC, Hep-lat, and Hep-th networks,
respectively.

Table 1 Hep-th, Hep-lat and AMC network
statistics before preprocessing analyses

Hep-th Hep-lat AMC
Papers 20,760 3,952 4,922
Authors 15664 3356 9346
Collabor
33413 10918 12189
ations
Graph
0.001 0.004 0.002
Density
Avg. 4.266215 6.50655 2.6083
degree 52604 54231 88615

Fig.2 Graph visualizations for AMC datasets
before preprocessing
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Fig.3 Graph visualizations for the Hep-lat dataset
before preprocessing

Fig.4 Graph visualizations for the Hep-th

dataset before preprocessing
2.2 Proposed Approach
In this section, the general structure of the
suggested link prediction approach CGLP is
shown in Fig. 5. The first stage of the pipeline is
the pre-processing where in this phase the raw
data from the selected datasets are cleaned,
purified and then all articles which are irrelevant
or of low quality are removed from the data
before it can be used for further analysis. In the
analysis phase two major procedures are
performed: content analysis and topological
analysis. Content analysis is conducted by topic
modeling using the LDA method to discover the
topics or themes in the articles. At the same time,
topological analysis is performed by graph
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mining to understand the structure of the network
and to assess the key topological measures of
academic collaborations, such as node degree,
shortest path, and common neighbors. The data
transformation step is then performed through
feature extraction to extract essential attributes
from the data for training the selected models in
this work. During the training and modeling
steps, machine learning models are built to

ZJPAS (2025), 37(5);170-194

predict future connections on the basis of these
features. Finally, in the evaluation phase, the
model's link prediction accuracy is tested and
validated through various metrics, such as the F1
score and ROC AUC, to ensure reliability and
performance and to evaluate the effectiveness of
the CGLP approach in predicting future links
within the selected co-authorship networks.

Preprocessing|

4 R
Content Analysis
(Topic Modeling)
(Data
Preparation)
Topological
Analysis
(Graph Mining)

Graph

Datasets i
Preprocessing

. J

Analysis

e “

20
sl

Results

Training

(Modeling)

Testing Evaluation
(Link Prediction)| | (Validation)

Training

\ J

Evaluation

Fig.5 General architecture of the CGLP link prediction approach

2.3 Preprocessing stage

In this stage, the datasets are preprocessed
using the same procedures. The procedure
started by converting the data into a graph
shape, where each node represents an author,
and the links between each two nodes represent
the real collaboration between each two authors
of a paper in the network. Due to the large size
of the created graphs which causes the graphs to
face the problem of high sparsity, we first
reduced the size of each graph by removing
subgraphs and collaboration communities with
less than three nodes. This step is commonly
employed to assist in removing noise and in turn
reducing overfitting (Schizas, 2018, Yin et al.,
2023). Furthermore, the link prediction problem
needs denser graphs to obtain better prediction.
For this reason, we considered all pairs of
unconnected authors located in disjoint
collaboration groups/subgraphs via the use of SP
and common neighbor metrics. The papers'
textual data were integrated with the graph
representation data by the author ID numbers
provided in the original datasets. After this
integration, the data was cleaned up In
preparation for topic modelling using the LDA
algorithm (Campbell et al., 2015). After the
preprocessing, the network statistics the network
statistics shown in Table 2. Figs. 6, 7, and 8
display the graphs representing the AMC, Hep-
lat, and Hep-th datasets, respectively.
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Table 2 Hep-th, Hep-lat and AMC network
statistics after preprocessing analysis

Hep-th Hep-lat AMC
Papers 20,760 3,952 4,922
Authors 13564 3046 7039
Collaborations 42106300 2261614 6145746
Graph Density 0.002 0.010 0.005
Avg. degree 6208.5373046 | 1484.9730794 | 1746.19860775

Fig.6 Graph visualizations for AMC datasets after
preprocessing and reduction.
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Fig.7 Graph visualizations for the Hep-lat dataset
after preprocessing and reduction

Fig.8 Graph visualizations for the Hep-th dataset
after preprocessing and reduction
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A workflow of the preprocessing stage is
presented as shown in Fig. 9. It begins with data
preparation and graph creation, followed by
reading edges and creating the initial graph
structure. We then process the graph by loading
edges and filtering out components with fewer
than 3 nodes, ensuring the retention of only
meaningful and connected subgraphs.
Simultaneously, we process papers by loading
papers data, cleaning columns, merging with
edges data, and aggregating by author with text
and counts. The cleaned edges data is saved as
Edges_clean.csv, and the aggregated papers
data is saved as Papers_agg.csv.

The workflow continues with graph analysis,
where for all pairs of nodes in the graph, we
check if an edge exists and calculate relevant
metrics. If a path exists between nodes, we
calculate the shortest path, common neighbors,
and node degree metrics. If no path exists, we
record this information along with the metrics.
The data is then combined into DataFrames and
written to CSV files. Depending on the results,
we either sample data if needed or proceed to
the final combination of not _connected df or
no_path_df. The workflow concludes with the
end of the preprocessing algorithm.

This figure visually outlines each step of our
preprocessing pipeline, from data preparation
and graph creation to the final combination of
data. It serves as a companion to the detailed
textual description, enhancing clarity and aiding
in the reproducibility of our methodology
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Fig.9 Workflow of the Graph-Based Preprocessing Algorithm for Data Cleaning and Feature
Extraction.

2.2.1 Analysis stage

The analysis of the created graphs after
preprocessing is conducted in this stage. In this
stage, the selection and extraction of the needed
topological and content features is accomplished
to be used by ML models for training and testing.
The goal of the CGLP is to enhance the accuracy
of predicting links in the selected networks by
combining different similarity measures from the
topological structures of social graphs and
content-based methods to extract textual
information from each academic paper. The
value of the link CGLP prediction score is either 0
or 1. The value of 1 indicates that nodes u and v
have a relationship while the value of O denotes
the missing of the link. The proposed hybrid
approach CGLP is expressed mathematically as
follows:

CGLP(u,v) =
(MAXdegree(u,v) + CN(u,v)
LDA(w,v) (1 + SP(u,v))

(1)

CGLP(u,v) denotes the predicted edge
between nodes u and v while the similarity
between both nodes constructed on their latent
topic distributions obtained through the LDA
algorithm is represented by LDA (u, V).
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MAXdegree (u, v) denotes the maximum number
of edges that each node has and the number of
shared neighbors between the nodes u and v is
represented by CN (u, v). Also, from Eq. 1, the
SP (u, v) denotes the shortest path between
nodes u and v.

As the equation presents, in topological
terms, nodes u and v have a lower likelihood of
future collaborations when having a longer
shortest path among them, and vice versa,
therefore having a negative inverse relationship.
On the other hand, nodes u and v are more likely
to have a higher degree of common neighbors
and therefore have a positive relationship.

In the content analysis stage, the features
extracted from each paper's title, keywords, and
abstract capture the paper's meaning and
context. The LDA algorithm (Blei and Lafferty,
2007), as described below, extracts research
topics from these papers, where in this work, the
top 10 topics were selected per paper.

According to (Blei and Lafferty, 2007), there is a
document formation process in which D is
assumed to be a corpus that is a collection of
documents (d) as follows:
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a) A random topic that has the following
distribution is chosen:
@® ~ Dirichlet (B) fork=1,..,K
b) Randomly select a distribution of topics for
the document (d).
@4~ Dirichlet (a) d €D
c) For each word in a document D
i. Select randomly from the topic
distribution a topic

ii. z;~ Dirichlet (4)

iii. A word is chosen randomly from
the corresponding topic of the
vocabulary distribution.

w;~ Dirichlet (9%)

Where K is representing the number of latent
topics in D, ® denotes the distribution of the
discrete probability of the vocabulary which
represents the distribution of the class-k topic.
The symbol 68, is denoting the distribution of the
document d of the available topics, z; represents
the index of the topic of the i word, w; is the word
of class i, and «a, B are the parameters of the
Dirichlet distribution.

A feature vector is then created for each paper,
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and semantic weights are assigned to probability
of the 10 top topics distributed in each paper.
The created vector of the attributes helps to
provide a method to feed the text data into the
ML models in a straight and efficient way as well
as providing a more insight of the network,
accompanying the topological features by
extracting the semantic features from the papers.
However, before applying topic modeling via
LDA, the text needs a preprocessing step that
involves cleaning, tokenizing, and transforming.
A unique word dictionary is created, and a
document-term matrix is established to show
word frequencies. After extracting the topics, the
keywords of each topic in every document are
extracted and associated to the authors of that
document in the selected dataset. Then, the joint
keywords are calculated using LDA (u, v) to
obtain a score ranged between [0, 1] between
authors. A subset of the top 10 topics by their
representative keywords identified by the LDA
algorithm for a group of authors is shown in
Table 3.

Table 3 Sample of the top ten topic keywords discovered by the LDA topic modeling algorithm

Author No. of
D Shared Papers Text 10_Keywords_From_Papers
Papers
. [ transition ', ' mass ', ' Polyakov ', 'quark ', ' present ', ' matrix ', ' topological ',
4061 3 The physics 'state ', ' result' . QCD ']
4064 1 Matrix ['gauge','mass','SU", 'result',' QCD "', 'temperature ', ' lattice ', ' fermion
', 'theory', 'quark ']
4066 > Efficient ['mass','result', " using',"’ deca){‘ ,'QCD "', "'"meson', 'lattice ', ' fermion',"
dynamical ', ' quark ' ]
. ['Monte ', "'mass ', 'equation','using',"'Carlo', ' quark','model', "' meson
4068 5 The eta ', "'method ', ' fermion ']
4081 1 Black hole ['present’,'result’',"'mass’,"’ gauge ','SuU "QCD "', "matrix ', ' temperature
', 'lattice ', ' fermion ']
4084 1 Delta- ['mass', 'result’, ' dependence’,'using’',"’ Qecay' , ' chiral ', 'energy ',
QCD ', 'meson', ' lattice "]
4085 3 Broken ['result','dependence’, ' chiral’,’ e_nergy' ,'QCD", 'lattice ', ' fermion "', "'
theory ', ' potential ', ' symmetry ']
4087 5 Nuclear ['gauge','mass','SU", 'result"," I__andau ', ' propagator','QCD"',"'
temperature ', ' lattice ', ' gluon ']
2089 7 Broken ['mass', 'dependence’,'using"',"’ qugrk‘ ,'present','energy ', ' matrix "',
meson ', ' fermion ', 'state ']
4100 1 Current ['transition ', 'result', 'mass ', 'chiral',"' QCD ', ' chemical ', ' potential ',
extended ', ' symmetry ', ' phase "]
In the topological analysis stage, three were selected and incorporated into the CGLP

topological features CN, MaxDegree and SP

ZANCO Journal of Pure and Applied Sciences 2025

hybrid approach to predict link formation in co-
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authorship networks. These features are defined
as follows:

1. Common Neighbors (CNs): The CN is an
algorithm or similarity measure used to
measure the similarity between two graph’s
nodes. It is a common measure used in the
field of social network analysis because of
its simplicity and well performance (Kumatri
et al., 2022). Its goal to calculate the number
of shared neighbors of two input nodes. In
the context of co-authorship networks, the
CN is a useful measure for link prediction
which means that if two nodes representing
authors have many common neighbors,
they are likely to share or publish a paper.
The CN metric is formally defined as:

CN(w,v) = [I'(w) n I'() (2)

where (u) and (v) are the sets of neighbors
of vertices u and v separately. The higher value
of CN (u, v), the more likely that there will be a
link between nodes u and v.

2. MaxDegree: The maximum degree is
another topological measure used in this
study to find the higher degree of any node
in a graph (Borgs et al., 2012). In co-
authorship network, it refers to the number
of direct edges an author has. It also means
that if an author has a collaboration with
highly collaborated authors in a specified
network, they are likely to have a higher
degree of collaboration as well and can be
considered a central node in the network. To
calculate the maximum degree of any node,
the number of direct neighbors to and from
the node counted. Also, the maximum
degree between two nodes is calculated by
finding the maximum links that are allowed
between them as follows:

MAXdegree(u,v) = max(deg(u),deg(v))

3. Shortest path (SP): the task of this measure
is to find the closest distance between two
nodes within a network (Kumar et al., 2020a,
Yuliansyah et al., 2020). In the context of co-
authorship networks, SP is useful in link
prediction to find the potential connections
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between the network’s authors. In other
words, SP means that two authors are more
likely to publish a paper in the future if they
have a SP between each other. The formula
of the SP is presented in Eq.4 as follows
SP(u,v) = d(u,v)

(4)

where d(u,v) is representing he length of the SP

between the nodes u and v in the network where
the smaller value of SP(u,v), the more probability
of nodes u and v to have a link in the future.

By utilizing the aforementioned metrics, the
function of the CGLP approach is described in
the following algorithm. The CGLP takes the
preprocessed graphs G as an input for the link
prediction between the authors of the co-
authorship networks forming a corpus. This
predictive capability is by computing CGLP
scores for each pair of vertices not currently
connected in graph G using the primary link
prediction equation (1).

Algorithm CGLP (Graph G): Content and
Graph-Based Link Prediction Algorithm
Input: Undirected co-authorship graph G(V,
E), where
V is a set of nodes, W €V 3v €{v;,

V2, V..., V2.
E is a set of links, e € E 3 e €{(v,
vil), ..., (V7 v2)}
Output: CGLP_dict (a dictionary with

CGLP scores for the predicted edges)

. CGLP_dict « an empty dictionary

.for each uin G.V do:

. for each vin G.V do:

.if u # vthen:

.lda,y < Ida(u, v)

md,,, « max_degree(u, v)

cnyy <« common_neighbor(u, v)
Spuyv <« Shortest_path(u, v)

«— Idayy * ((mdyy (8) cnyy)/(1 +

©CONOUAWNER

. CGLPy,
SPuyv))
10. CGLP_dict (u,v) <« CGLP,,
11. end if
12. end for
13. end for
14. Return CGLP_dict
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The CGLP algorithm commences by traversing
every ordered pair of vertices, entailing
® (n?) operations. For each vertex pair, it
performs a Latent Dirichlet Allocation step in
O(mnt + t?)) time, scans the adjacency list in
O(A) time, executes a breadth-first search in
O (m+n) time, and undertakes constant-time
bookkeeping. Consequently, the overall time
complexity is O (N?(mnt+t?+A+n+m)) .
When applied to typical sparse co-authorship
networks where (M = O(N)) and with moderate
topic-model dimensions, the time complexity
reduces to O(N?(mnt + t2 + N)).

To predict link formation in co-authorship
networks, the final feature vector integrates both
content-based features and topological features.
But the combined feature vectors not only
enabled accurate predictions, they also provided
useful insights on the structural properties of the
co-authorship networks. The features are
presented in Table 4.

Table 4 Sample of topological features without
normalization. U and V represent authors nodes,
SP_U_V is the shortest path between U and V,
CN represents the common neighbors between
U and V, MAXdegree is the maximum degree of
direct neighbors U and V, and LP_U_V is the
predicted link probability between U and V.
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10 10 5
5.6E + 5.6E + 0.0296
0.6 0 0.125
10 10 5
5.6E + 3.6E + 0.0296
0.6 0 0.125
10 10 5
5.6E + 5.7E + 0.0197
0.6 0 0.125
10 10 6
5.6E + 1.6E + 0.0197
0.6 0 0.125
10 10 6
5.6E + 5.6E + 0.0197
0.6 0 0.125
10 10 6

Sp_U_| CN_U | MAXdegr | LP_U_
U Vv
\% Vv ee \%
56E+ | 14E + 0.1111 0.0586
0.4 0.0625
10 10 1 9
5.6E+ | 8.9E + 0.1111 0.1467
0.4 0.0625
10 09 1 3
56E+ | 2.6E+ 0.1111 0.2523
0.4 0.1875
10 10 1 7
56E+ | 5.6E + 0.1111 0.1467
0.4 0.0625
10 10 1 3
56E+ | 5.4E + 0.6 0 0.125 0.0296
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2.2.2 Training with ML Models

The next stage in the CGLP approach is to
evaluate the efficiency of the created feature
vectors for the future links prediction. This is
achieved by applying four ML, KNN (Mahesh,
2020, Ramalingam et al., 2018), DT (Mahesh,
2020), RF (Mahesh, 2020, Pandey et al., 2019),
and SVM (Mahesh, 2020, Pandey et al., 2019),
used classifying tasks with numerical features.
The feature vectors are restricted to have only
numerical features to save time and to prevent
using non-suitable ML algorithms. The
performance of the algorithms was evaluated
using both time series cross-validation and
regular cross-validation methods with their
default settings. A subset of rows from the
comprehensive feature table, integrating LDA
topic modeling outcomes and topological
features, is presented in Table 5. These features
serve as the basis for model training. Ultimately,
the final feature vector combines content and
topological features to forecast link formation in
co-authorship networks.
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Table 5 Sample of feature vectors from both LDA and topological analysis. U and V represent author
nodes, SP_U_V is the shortest path between U and V, CN represents the common neighbors
between U and V, MAXdegree is the maximum degree of direct neighbors U and V, LDA U _V is the

text similarity score between U and V, and LP_U V is the predicted link probability between U and V.

U Vv SP_ UV CN_U_V MAXdegree LDA U_V LP_U_V
5.6E + 10 1.4E + 10 0.4 0.11111 0.0625 0.4 0.05869
5.6E + 10 8.9E + 09 0.4 0.11111 0.0625 1 0.14673
5.6E + 10 2.6E + 10 0.4 0.11111 0.1875 1 0.25237
5.6E + 10 5.6E + 10 0.4 0.11111 0.0625 1 0.14673
5.6E + 10 5.4E + 10 0.6 0 0.125 0.3 0.02965
5.6E + 10 5.6E + 10 0.6 0 0.125 0.3 0.02965
5.6E + 10 3.6E + 10 0.6 0 0.125 0.3 0.02965
5.6E + 10 5.7E + 10 0.6 0 0.125 0.2 0.01976
5.6E + 10 1.6E + 10 0.6 0 0.125 0.2 0.01976
5.6E + 10 5.6E + 10 0.6 0 0.125 0.2 0.01976
7.4E + 09 2.6E + 10 0.4 0.11111 0.3125 1 0.35802
7.4E + 09 5.6E + 10 0.4 0.11111 0.3125 1 0.35802

2.2.3 Testing and Evaluation

The co-authorship networks utilized in the
experiments were constructed on the basis of
collaborations from three subareas: theoretical
high-energy physics (Hep-th), lattice high-energy
physics (Hep-lat), and AMC. Collaborations were
tracked from 2003--2009 for Hep-th and Hep-lat
and from 2008--2014 for the AMC. Although
papers written by a single author may well reflect
the author's research interests, there is a lower
possibility  of  future collaboration than
researchers in groups of size 3 and higher, as
they already have academic collaboration habits
and skills. Therefore, in this work, we excluded
articles authored by a single individual to ensure
the dataset's high quality and reinforce the
network structure. The test data were collected
over seven consecutive years. Specifically,
starting from time t, links from t to t+3 were
considered to predict link occurrences during the
subsequent period [t+4, t+5, t+6]. For example,
to predict link occurrences in the

interval [2007, 2008, 2009], co-author network
data from 2003--2006 were used to derive the
test set features. As expected, the co-authorship
networks constructed through this method exhibit
significant sparsity and leverage their temporal
characteristics. This approach is employed for
the datasets used because it evaluates the
model's ability to generalize over extended
timeframes and ensures unbiased evaluation,
avoiding training on future data and testing on
past data. It also enables performance
assessment across different periods, offering
insights into evolving topics in the field. After
being partitioned into sets, the machine learning
model is trained on the training set and evaluated
on the testing set to assess its ability to
extrapolate to new data—a critical aspect of time
series analysis to ensure reliable and robust
models.

2.2.4 Challenges with LP

The LP problem naturally involves several well-
known challenges, as follows:
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a) Overfitting
The first encountered problem is overfitting. It
arises when a model memorizes the training data
and learns it thoroughly leading to poor
performance on unseen data and resulting the
data to be imbalanced (Kotsiantis et al., 2006,
Peng and Lee, 2021, Power et al., 2022). It also
happened when the model is too complicated
and unable to represent the validation and test
set which makes it fail predict accurately on new
data. In the case of using time-dependent
datasets like in this study’s co-authorship
datasets, time series cross validation is used to
avoid the problem of overfitting.

b) Imbalanced Data
Imbalanced data problem occurs due to the high
skewness of the dataset classes distribution such
that the size of one class is larger than other
class. In social networks, this problem arises
when the networks datasets are not dense which
consequently causes poor performance of the
ML models applied as well as the computation
incorrect (Chuan et al., 2018, Samad et al.,
2020). In ML, the problem of imbalanced data is
popular and can cause overfitting. The problem
reveals that the classes variable of the training
dataset distribution is highly skewed toward one
class compared with the other (Esposito et al.,
2021, Kotsiantis et al., 2006). There are several
methods to overcome the problem of imbalanced
data and in this study, we use random under-
sampling method. This method is used to
increase the number of samples in the minority
class to produce a more balanced dataset
(Haixiang et al., 2017).

c) Graph Sparsity
Sparsity is another challenge encountered in this
study. The sparsity nature in large social
networks datasets causes the data to be
imbalanced. Sparsity in SNA can be defined as
the number collaboration between authors are
very small comparing to the possible
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relationships inside the network. Sparsity
becomes more pronounced as the deviation
increases. In applications like LP, this sparsity
comes forward as a key and important attribute
of the graph (Goswami et al., 2018). The issue of
sparsity significantly impacts the outcomes of a
topological analysis, rendering graph algorithms
such as CN(u, v), MAXdegree (u, v), and SP(u,
v) practically ineffective. This, in turn, exerts a
substantial influence on the overall training and
testing processes employed in the proposed LP
approach.

d) Time series cross-validation

This work uses a time series cross-validation
technique to address the problem of overfitting in
ML models with time series data. Unlike
traditional k-fold cross-validation, time series
cross-validation considers the sequential nature
of the data; thus, it recognizes the significance of
the order of the data points in the datasets. In k-
fold cross-validation, the data are randomly
divided into k equally sized folds, with one-fold
used as the test set and the remaining folds for
training. The process is subsequently repeated k
times, and the results are then averaged for an
overall measure of the model performance.
However, this technique assumes independent
and identically distributed samples and neglects
the temporal dependencies of the data points. In
time series cross-validation, the model is trained
on training data and tested on test data, with this
process being repeated for each sequential time
point.

This method proves to be quite successful in
preventing the model from being trained on
future data, thereby addressing the problem of
overfitting and enabling efficient hyperparameter
tuning. As shown in Fig.10, a comparison
overview of the conventional cross-validation
methods compared to those customized for time
series is presented in (Bergmeir et al., 2018).
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Standard k-fold cross validation for k=5

Validation set
B Training set | Time series split k-fold cross validation for k=5
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Fig.10 Traditional k-fold cross-validation vs. time series cross-validation (Assaad & Fayek
2021)(Packt 2019)

2.2.5 Evaluation Metrics

In this study two metrics are used to evaluate the
performance of the proposed approach CGLP
namely, F1 Score and ROC AUC (Lichtenwalter
et al.,, 2010). This evaluation of is crucial to
ensure their accuracy and reliability. These
metrics were chosen since they can give a
complete explanation of the overall performance
of the proposed CGLP method and the machine
learning algorithms utilized.

F1 Score is created based on two other metrics,
precision and recall as shown in Eqgs. 5, 6, and 7.
It is used to evaluate the overall performance of
the models especially when imbalanced datasets
are used. Precision measures how many true
positive predictions are calculated out of all true
prediction and Recall measures the true positive
prediction out of all real positive predictions. The

formula of the F1 score is as follows:
2 % (precision * recall)

F1 score = — (5)
(precision + recall)
where:
.. true positives
precision = — —
(true positives + false positives)
(6)
true positives
recall = T2ep ,
(true positives + false negatives)
(7)

The second evaluation metric is the receiver-
operating characteristic curve ROC-AUC. It is a
plotting measure used to evaluate the
performance of a model performance across
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different thresholds i.e. the proportion of true
positive rate (TPR) and false positive rate (FPR)
at those thresholds. The area under curve (AUC)
measures the probability of the models ranking
the positive samples higher than the negative
samples. AUC-ROC formula is as follows:
ROC AUC = [ TPR(FPR) dFPR
ROC AUC is used as a tool in classification
tasks by providing a graphical representation of
how the model able to differentiate between two
groups like positive and negative classes.

3 .Experiments and Results
This section and the following subsection
presented the experiments and results of this
work. The study started by proposing a hybrid
link prediction approach named CGLP to be
applied to three different co-authorship networks
for the performance comparison. Also, the new
method was evaluated for its reliability and
efficiency using different machine learning
models such as K-Nearest Neighbors (KNN),
Decision Trees (DT), Random Forests (RF), and
Support Vector Machines (SVM). Furthermore,
two evaluation metrics named F1 score and ROC
AUC were used to test the performance of the
proposed approach. These experiments were
conducted using a computer that have the
properties of the Intel(R) Core (TM) i7-8550U
CPU @ 1.80 GHz (1.99 GHz), 16 GB of RAM,
and a 64-bit Windows 11 operating system.
Python was the programming language used, as
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well as the required libraries such as scikit-learn,
NetworkX, and NumPy.

3.1 Results

The results section presented the findings of the
work of this study which is the results of applying
the LP proposed approach using the three
collaborations datasets used. At the beginning,
from the dataset’s labels were generated and
then a set of feature vector was created for each
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author. Also, the datasets were divided to train
and test data based on the time sequence of
each dataset. Table 6 shows he sample sizes
differed between the divisions to align with the
time attributes of the datasets. To evaluate the
effectiveness of the proposed approach, the
selected classification models were utilized to
evaluate the performance of each model.

Table 6 Size of training and testing data in splitting years for the Hep-lat, Hep-th, and AMC datasets.

Training and Testing Years for Hep-lat and Hep-th Datasets in Different Combinations
Datasets Training Testing | Training Testing | Training Testing | Training | Testing
2003- 2003- 2003-
Splitting By Years 2003-2008 | 2009 2008 2007 2006
2007 2006 2005
Hep-lat Dataset
(Number of 27576 5636 23250 4326 18512 7438 14266 4246
Collaborations)
Hep-th Dataset
(Number of 70538 16230 55516 15022 41210 14306 30364 10846
Collaborations)
Training and Testing Years for Math (AMC) Dataset in Different Combinations
2008- 2008- 2008-
Splitting By Years 2008-2013 | 2014 2013 2012 2011
2012 2011 2010
AMC Dataset (Number
16654 6620 12298 4356 10078 2220 8090 1988
of Collaborations)

The outcomes presented in Tables 7, 8, and 9
below reveal that across different time divisions,
all the models consistently demonstrated high
performance in the experimental results. This
consistency implies the successful prediction of
potential links between authors in the tested

datasets through the hybrid CGLP approach. The
selection of the optimal splitting time and model
performance was determined by considering the
dataset characteristics and evaluation metrics.

Table 7 F1 score and ROC AUC for the AMC dataset for different test years.

F1- Score | ROC AUC | F1- Score | ROC AUC | F1-Score | ROC- AUC | F1 Score | ROC-AUC
ML Models
2011 2011 2012 2012 2013 2013 2014 2014
KNN 0.9474 0.9704 0.9509 0.9732 0.9721 0.9779 0.9805 0.9848
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DT 0.8639 0.8663 0.8499 0.8531 0.9405 0.953 0.9496 0.966
RF 0.8859 0.9589 0.8499 0.9411 0.9598 0.9835 0.926 0.9817
SVM 0.9061 0.9532 0.9149 0.9634 0.9383 0.9734 0.9257 0.9756
Best Values 0.9474 0.9704 0.9509 0.9732 0.9721 0.9835 0.9805 0.9848
Table 8 F1 score and ROC AUC for the HEP-th dataset for different test years
F1 Score | ROC AUC | F1 Score | ROC AUC F1 Score | ROC AUC F1 Score | ROC AUC
ML Models
2006 2006 2007 2007 2008 2008 2009 2009
KNN 0.9671 0.978 0.9691 0.9823 0.9664 0.9778 0.9571 0.9761
DT 0.9486 0.95 0.9521 0.9534 0.9665 0.9863 0.9613 0.9702
RF 0.9563 0.967 0.9521 0.9774 0.9521 0.9781 0.9526 0.9774
SVM 0.8961 0.9765 0.8945 0.9778 0.8914 0.9799 0.9097 0.9785
Best Values | 0.9671 0.978 0.9691 0.9823 0.9665 0.9863 0.9613 0.9785
Table 9 F1 score and ROC AUC for the HEP-lat dataset for different test years
. F1 SCORE | ROC AUC | F1 SCORE | ROC AUC | F1 SCORE | ROC- AUC | F1 SCORE | ROC AUC
2006 2006 2007 2007 2008 2008 2009 2009
KNN 0.9615 0.9771 0.9615 0.9746 0.9605 0.9838 0.9771 0.9761
DT 0.9768 0.9807 0.978 0.9816 0.9782 0.982 0.9758 0.9744
RF 0.9628 0.9789 0.9644 0.9801 0.9657 0.9818 0.9758 0.9874
SVM 0.9191 0.9783 0.9181 0.9796 0.9189 0.9823 0.9239 0.9855
Best Values | 0.9768 0.9807 0.978 0.9816 0.9782 0.9838 0.9771 0.9874

Table 7 presents a comprehensive analysis of
machine learning model performance, specifically
focusing on the F1 score and ROC AUC values
across various splitting years of the tested AMC
datasets. Notably, KNN consistently achieved a
high F1 score of 98.05% and demonstrated a
robust ROC AUC performance of 98.48%, with
its peak F1 score occurring in 2014. DT exhibited
moderate to high F1 scores (94.96%) and a
noticeable improvement trend from 2011--2013,
although its ROC AUC tended to be lower than
that of KNN (96.60%). RF emerged as a standout
performer, showing a high F1 score of 95.98%,
especially in 2013, and maintaining consistent,
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elevated ROC AUC values.

The SVM consistently maintains relatively high
F1 scores, showing an improvement in ROC
AUC performance from 2011--2013, although it
slightly lags behind KNN and RF. The best F1
scores are attributed to KNN in 2014 and RF in
2013, whereas KNN and RF share the best ROC
AUC values in different testing years. Overall, the
observations highlight the consistent
performance of KNN and RF, an improvement
trend in DT, and the high performance of RF,
particularly in 2013. This analysis provides
valuable insight into the success of the proposed
CGLP approach in predicting links between
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authors in the AMC dataset, showing the
exemplary performance of different models, and
facilitating the selection of the most suitable
model on the basis of the utilized evaluation
metrics. Fig. 11 shows the best results of the
proposed approach when the selected models
for the AMC dataset are used across different
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test-splitting years. This visual illustration not only
captures good performance across different
periods but also allows for a detailed
examination, providing a thorough understanding
of how well the method works and adapts within
the changing testing setups of the dataset.

Best Values of F1-Score and ROC AUC Across Different Years for the AMC dataset
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0.9666
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09864
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Fig.11 Best results of the CGLP approach using four ML models for the AMC dataset

With respect to the Hep-th dataset, Table 8
presents a detailed analysis of machine learning
models' performance on the tested dataset,
focusing on the same metrics, F1 score and ROC
AUC values across various test years. Notably,
the DT consistently achieves high F1 scores,
reaching 96.65%, and demonstrates stable ROC
AUC performance, peaking in 2008. KNN
exhibited high F1 scores of 96.71% and 96.91%,
particularly in 2006 and 2007, respectively, along
with strong and consistent ROC AUC values of
97.81% and 98.23%, respectively, for the same
years. RF stands out for its consistently high F1
scores and elevated ROC AUC values, showing
robust and stable performance, especially in
2009. Although SVM is competitive, it has lower
F1 scores, with the highest score in 2009,
90.97%, and slightly lower ROC AUC values than
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the top-performing models do. The best F1
scores and ROC AUC values were achieved by
KNN, with values of 96.91% and 98.23%,
respectively, in 2007. Overall, the observations
underscore the consistently strong performance
of DT and KNN, with RF emerging as a robust
performer. This analysis provides valuable
insights for selecting an appropriate model
tailored to the evaluation metrics and considering
different test years in the Hep-th dataset.

The results shown in Fig. 12 illustrated the best
results obtained when the CGLP is used with the
selected ML models as well as it concentrates on
the years of the Hep-th test set splitting. The
results also show that the proposed method
performs well in link prediction base on the
accuracies obtained.
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Best Values of F1-Score and ROC AUC Across Different Years for the HEP-th dataset
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Fig.12 Best results for the HEP-th dataset with four ML models

Regards the performance of the CGLP approach
when applied to the Hep-lat dataset, Table 9
illustrates a clear analysis of the ML models'
performance, emphasizing the F1 score and
ROC AUC values across different test years. The
F1 score obtained using KNN which is 97.82%, is
considered high value at 2009 as well as its
strong performance due to the consistent values
of the ROC AUC. For the same year, RF model
shows robust performance which indicated by
the high value of F1 score and stable
performance indicated by the values of ROC
AUC obtained across other test years. DT model
is also performed well as the RF model with the
difference in the year (2008) that produced the
high score of F1. On the other hand, SVM
performed less compared to the other models by
obtaining the lower F1 score despite the
consistent values of the ROC AUC values
obtained.

The best F1 scores and ROC AUC values across
all the models were achieved in 2009, with KNN
leading in the F1 score and RF leading in the
ROC AUC. Overall, the observations highlight the
consistently strong performance of KNN and RF,
whereas DT remains stable and competitive. The
SVM, though stable, had a lower F1 score.
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The outcomes achieved by applying the
suggested methodology and employing various
machine learning models are shown in Fig. 13.
This visual representation is embedded within
the context of the Hep-lat dataset and concisely
summarizes the good performance observed
across different years of test splitting. The
graphic not only emphasizes the effectiveness of
the methodology but also enables a detailed
analysis of its adaptability and effectiveness in
the face of the inherent temporal complexities of
the dataset. Furthermore, we have improved the
visual presentation through the use of heatmaps
(Fig. 14, 15 and 16) and confusion matrices (Fig.
17, 18 and 19). These visualizations provide
intuitive insights into model performance and
error distribution. Heatmaps offer a color-coded
representation of F1-scores across different
models and time periods, while confusion
matrices detail classification accuracy and error
patterns. These enhancements aim to improve
the interpretability and depth of our analysis.
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Best Values of F1-Score and ROC AUC Across Different Years for the HEP-lat dataset
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Fig.13 Best results of the proposed approach for the Hep-lat dataset
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Fig.14 Temporal Evolution of Model Performance: F1-Scores Across Classification Algorithms for the
AMC Dataset.
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Hep-lat Dataset F1-Scores
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Fig.15 Performance Comparison of Machine Learning Models: F1-Scores for the Hep-lat Dataset
Across Multiple Test Years.
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Fig.16 Model Performance Evaluation: F1-Scores Across Temporal Splits for the Hep-th Dataset
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AMC Dataset Confusion Matrix

Actual

Predicted

Fig.17 Classification Accuracy Assessment:
Confusion Matrix Analysis for the AMC Dataset.

Hep-lat Dataset Confusion Matrix
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Fig.18 Classification Accuracy Assessment:
Confusion Matrix Analysis for the Hep-lat Dataset
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Hep-th Dataset Confusion Matrix
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Fig.19 Error Distribution and Classification
Effectiveness: Confusion Matrix Analysis for the
Hep-th Dataset

3.2 Discussion of Results

This study seeks to introduce a hybrid model with
an objective of overcoming the challenge of LP in
co-authorship networks through combining both
the topological structure of the network and
feature information derived from publication
contents in a single model. The proposed hybrid
model, CGLP, seeks to generate a collection of
labels derived from feature vectors representing
individual pairs of authors in datasets utilized in
this work. Specifically, this model predicts a
probability of a link appearing between two
authors, represented in a binary form: a value of
1 for a present link and a value of O for an absent
one. The generated dataset is then utilized in
testing the effectiveness of proposed hybrid
model in predicting links in co-authorship
networks. In testing, a range of machine learning
classification algorithms, namely, KNN, DT, RF,
and SVM, act as tools for testing and confirming
performance of new model.

Despite its potential, integration of machine
learning models in this work faces a range of
obstacles, including overfitting and unbalanced
datasets. To mitigate such obstacles, traditional
approaches such as random undersampling for
balancing datasets and time series cross-
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validation for preventing overfitting of a model
are utilized in an attempt to counteract
unbalanced datasets and overfitting,
respectively. All these approaches work towards
developing a proposed model that is reliable and
effective in predicting links in co-authorship
networks.

The data in Tables 7, 8, and 9 in the preceding
section reveal that KNN, RF, and DT performed
better in terms of both the F1 score and the ROC
AUC compared to SVM,; therefore, these models
should demonstrate increased competence in
predicting  relationships in  co-authorship
networks. The best model for each subset in
testing is represented in the last row of all three
tables. In addition, Table 10 describes the overall
performance of the proposed model over three
datasets with satisfactory prediction accuracy
represented in terms of an F1 value of 98.05%
and an AUC-ROC value of 98.74%. The
improvement in accuracy in terms of link
prediction can be credited to careful
preprocessing of the datasets discussed in
Section 2.2.1. Overall performance evaluation of
the proposed methodology over a range of input
datasets, such as AMC, Hep-th, and Hep-lat, is
discussed in detail in Fig.20. Performance
evaluation in this work presents a critical analysis
of the effectiveness of the proposed methodology
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over a range of datasets; therefore, it reflects its
robust and adaptable behaviour. Despite
achieving strong headline scores (F1 = 98.05%,
ROC-AUC = 98.74%), our results are tempered
by three dataset biases: (i) domain/time bias—all
data come from 2003-14 high-energy physics
and applied-math corpora, whose stable
collaboration customs may inflate generalization
(Newman, 2004); (ii) productivity bias excluding
single-author papers favours senior, densely
connected scholars, echoing concerns in (Lande
et al.,, 2020) , and (iii) curation bias dropping
records without titles/abstracts under-represents
lower-tier outlets.

To mitigate these biases in future work, we plan
to implement inverse-productivity re-weighting,
domain-adversarial training for cross-field
robustness, and lexical perturbation to stress-test
semantic features.

However, the hybrid design remains theoretically
sound. Structural homophily (captured by CN,
Max-Degree, SP) and semantic homophily
(captured by latent-topic  vectors) are
complementary drivers of collaboration. While
pure-topology alone explains 84% F1 and pure-
content 71%, their fusion yields the observed
gains, echoing the additive improvements
reported (Antunes et al.).

F1-Score and AUC for Different Datasets
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Fig.20 Performance of the proposed approach with different input data
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3.3 Comparative Analysis with Applicable
Advanced Techniques

The current study reveals a significant
improvement in predicting relationships in
networks under investigation, specifically in co-
authorship networks. To evaluate our proposed
approach, both the performance metrics, F1 and
ROC AUC, have been utilized in analysis for
evaluation purposes. These metrics have been
also used in academic studies (Chuan et al.,
2018) and are in agreement with evaluation
factors utilized in current studies. The
comparison is restricted to (Chuan et al., 2018)
study alone, in view of discrepancies in datasets
utilized in referenced studies, which make direct
comparisons unfeasible. As seen, the proposed
CGLP model outperforms the algorithm in the
analysis discussed (Chuan et al., 2018), with an
achievement of 32.50% for its F1 and 66.26% for
its ROC AUC. On its part, the hybrid CGLP
model reaches a remarkably high value of
98.05% for its F1 and 98.74% for its ROC AUC,
demonstrating its effectiveness in predicting
relationships in networks.

4 Conclusions and Future Works

In this paper, a proposed hybrid LP approach
named CGLP was presented. The approach is
used to predict links in co-authorship networks by
aggregating topological and content-based
features with the aim of enhancing the prediction
and analysis of co-authorship networks. The first
type features are the topological features which
were carefully selected and combined with the
second type of the features extracted from
papers content, such as titles, abstracts, and
keyword. The approach was tested on three co-
authorship networks datasets named, Hep-th,
Hep-lat, and AMC, and different ML models were
used to evaluate its efficiency. The finding in this
study revealed that our hybrid approach
outperformed the methods in the literature,
obtaining an F1 score of 98.05% and an ROC
AUC of 98.74%. These outcomes shows that the
effective the LP methods by integrating different
LP strategies, text mining, and graph mining
techniques in a hybrid manner. This is also
leading to improve the accuracy and identify
potential features in different levels of co-
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authorship networks. The future recommendation
is to apply the CGLP approach on other types of
social networks, such as citation networks as well
as to find better solutions to solve problems like
imbalanced data and overfitting by selecting
denser collaboration networks.

Furthermore, we plan to further augment the
robust CGLP foundation with advanced deep
learning encoders to complement our LDA-
derived semantic features. Additionally, we aim
to prototype expert-finder recommendation tools
for academic collaboration platforms. These tools
will leverage hybrid link prediction techniques, as
evidenced in prior co-authorship
recommendation work, to facilitate more effective
academic collaborations.
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