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ABSTRACT

Artificial Intelligence (Al) is reshaping cancer diagnosis and treatment, yet the formation of
effective interdisciplinary research teams remains a major challenge. This study analyzes 7,738
publications (2000-2017) from Scopus to investigate collaboration dynamics in Al-driven cancer
research. We constructed 36 overlapping co-authorship networks representing new, persistent,
and discontinued collaborations. Using both attribute-based and structure-based features,
we developed and compared four machine learning classifiers-logistic regression, decision
tree, random forest, and XGBoost. Model interpretability was achieved using Shapley Additive
Explanations (SHAP) to identify the most influential factors driving each collaboration pattern.
The random forest model achieved the highest recall for all collaboration types. The discipline
similarity score consistently promoted new and persistent collaborations while negatively
affecting discontinued ones, whereas high productivity and seniority were associated with
collaboration discontinuation. These insights can inform research policy, guiding institutions and
funding agencies in designing strategies that foster sustainable and interdisciplinary research
collaborations. While the study provides a robust data-driven framework for understanding
co-authorship dynamics, it is limited by the assumption that co-authorship equates to
collaboration, which may not capture all forms of scientific cooperation.
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INTRODUCTION

Cancer remains a leading cause of death globally, accounting
for nearly 10 million fatalities in 2020 (Ferlay et al., 2021),
representing approximately one in every six deaths recorded
worldwide (World Health Organization, 2022). In Canada, cancer
continues to hold its position as the primary cause of death, with
approximately 40% of Canadians expected to receive a cancer
diagnosis in their lifetime, and about 25% likely to succumb to
the disease (Government of Canada, 2021). Despite its lethal
nature, early detection and effective treatment can lead to the
successful cure of many patients and cancer types (World Health
Organization, 2022). In fact, timely diagnosis and intervention
can arrest cancer progression and enhance prognosis (Crosby et
al., 2022). This highlights the urgent necessity for effective cancer
diagnostic strategies and procedures to save countless lives from
this life-threatening disease (Okoli et al., 2021).
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The rapid evolution of advanced cancer treatment technologies
further underscores the importance of interdisciplinary
collaboration. For example, nanoparticle-based drug delivery
systems have emerged as a promising approach to improve
therapeutic precision and reduce systemic toxicity in oncology.
These systems can be engineered to target specific tumour
sites, enabling controlled release of therapeutic agents and
potentially improving patient outcomes (Cheng et al., 2021). The
development of such technologies requires close collaboration
among oncologists, materials scientists, biomedical engineers,
and data scientists, particularly in the design, testing, and
optimization phases.

Enhanced health outcomes can be achieved through collaboration
among healthcare professionals (Ebadi et al., 2017), facilitated
by knowledge sharing and improved decision-making. Cancer
care, being a complex and fragmented process (Ullgren, 2021),
requires healthcare providers and patients to work together as a
cohesive team to deliver high-quality care (Amafah et al., 2023).
Furthermore, effective cancer care, encompassing both diagnosis
and treatment, requires collaboration among researchers and
professionals from diverse disciplines, each contributing their
unique expertise (Knoop et al., 2017). Many Al-driven healthcare
research projects are inherently international in scope, bringing
together multi-country teams that integrate diverse expertise,
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resources, and perspectives to address complex scientific and
clinical challenges.

Considerable effort has been dedicated to understanding the
dynamics of research collaboration and pinpointing the factors
that encourage it. Several studies credited innovation and
scientific discoveries to the collaborative efforts of individual
researchers (e.g., Beck et al., 2022). Studies also highlighted the
positive impact of collaboration on research productivity (Ebadi
and Schiffauerova, 2016). Co-authorship is frequently used as a
proxy for scientific collaboration (Ebadi and Schiffauerova, 2015;
Essers et al., 2022), a trend further facilitated by the availability
of large-scale bibliographic data. Research into the determinants
of co-authorship typically focuses on two perspectives: one based
on social dynamics (Lalli et al., 2020) and the other derived from
co-authorship networks (Ebadi and Schiffauerova 2015). These
perspectives are interconnected, suggesting that co-authorship
networks may emerge from underlying social dynamics.

At the macro level, collaborative research, whether or not it results
in co-authorship, is driven by three primary factors: intellectual,
economic, and social (Thakur et al., 2011). Intellectual drivers
are often characterized by specialization and multidisciplinary
collaboration (Thakur et al., 2011). Economic factors, such as
substantial funding, can promote increased collaboration and
resource sharing (Davies et al., 2022). Social interactions are vital
for both knowledge acquisition and career advancement. For
instance, Thakur et al. (2011), highlighted the impact of social
factors by illustrating how junior researchers collaborate with
senior colleagues to access resources, e.g., equipment and data,
as well as to gain prestige through partnerships with esteemed
scientists. Additionally, other studies have shown that highly
productive researchers tend to collaborate with peers who exhibit
similar levels of productivity (Moed et al., 2005).

While Yu et al. (2014) explored the prediction of co-authorship
links within the medical field, there remains a notable gap in
research specifically targeting the co-authorship network of
researchers focused on Al applications in cancer diagnosis and
treatment. This area of study is crucial, given the complexity of
cancer and the necessity for collaboration among researchers
from various disciplines. Our study seeks to uncover the factors
influencing different co-authorship patterns among researchers
engaged in AI-driven cancer research. We analyzed three specific
patterns:

Establishment of
collaboration links between authors who have not

e New co-authorship pattern:

previously co-authored a publication.

e Persistent co-authorship Continued

links
co-authored one or more papers in the past.

pattern:

collaboration between authors who have
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e Discontinued co-authorship pattern: Termination of
collaboration links between authors who have previously
co-authored one or more papers.

Understanding and predicting collaboration patterns can help
researchers, organizations, and policymakers optimize resources
and foster impactful research. However, collaboration is a
dynamic process that evolves through distinct stages-initiation,
continuity, and termination. Therefore, examining new,
persistent, and discontinued collaborations together provides a
comprehensive view of how research relationships form, stabilize,
or dissolve over time. Studying these patterns jointly allows for
theoretical integration across the full life cycle of scientific
collaboration, offering insights into both the emergence of new
research partnerships and the factors that sustain or hinder
existing ones. While co-authorship is frequently used as a proxy
for collaboration in scientometric studies (Hajibabaei et al., 2022;
Hajibabaei et al., 2023), it is not a perfect substitute. Co-authorship
reflects formalized collaborations that result in joint publications,
but it may overlook other important forms of collaboration, such
as data sharing, mentorship, or interdisciplinary consultation that
do not lead to co-authored outputs. Nevertheless, co-authorship
remains one of the most practical and verifiable indicators of
collaboration at scale, as it provides traceable evidence of sustained

scholarly interaction and mutual intellectual contribution.

The primary objective of this study is to develop interpretable
machine learning models for predicting three distinct
co-authorship patterns, i.e., new, persistent, and discontinued
collaborations, in AI-driven cancer research. In addition, the study
aims to identify and interpret the key driving factors behind each
co-authorship pattern using explainable AI techniques, providing
actionable insights for researchers, institutions, and policymakers.
This study is pivotal in enhancing our understanding of the
dynamics within co-authorship networks, particularly in the
interdisciplinary field of Al-driven cancer research. Such
understanding is crucial for tackling the complexities of cancer
diagnosis and treatment. By identifying and interpreting the
factors influencing different co-authorship patterns, we provide
valuable insights for forming effective research collaborations,
optimizing resource allocation, and fostering innovation
across diverse scientific fields. This study makes the following
contributions: (1) we propose a methodological framework that
integrates both attribute-based and structure-based features
for predicting multiple types of co-authorship patterns, (2) by
applying interpretability techniques, we enable the identification
and ranking of features that most strongly influence each
co-authorship pattern, (3) instead of focusing primarily on
predicting new collaborations, our approach simultaneously
models new, persistent, and discontinued collaborations, offering
a more complete view of collaboration dynamics, and (4) we
apply our framework to a large-scale dataset of publications
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in Al-driven cancer research, a domain characterized by
high interdisciplinarity and significant societal impact. The
importance of this study lies in bridging methodological
innovation with policy relevance. By developing interpretable
machine learning models that combine attribute-based and
structure-based features, this work not only predicts different
co-authorship patterns but also explains the underlying factors
driving them. The findings can inform institutional strategies
for fostering interdisciplinary and sustainable collaborations in
Al-driven cancer research-an area where effective teamwork is
critical to advancing diagnostic and therapeutic innovations.

The remainder of the paper is structured as follows: Section 2
provides an overview of the related works. Section 3 outlines the
data pipeline in detail. The methodology is presented in Section 4.
In Section 5, the findings are presented and discussed, showcasing
the analysis of new, persistent, and discontinued co-authorship
patterns with supporting data. Section 6 concludes the paper.
Limitations of the study and directions for future investigations
are presented in Section 7.

Related works

Recent advances in team science have emphasized the importance
of understanding collaboration sustainability and turnover
(Ispiryan et al., 2024), not just formation. These studies highlight
that effective scientific teams evolve through cycles of initiation,
maintenance, and dissolution (Aunger et al., 2023), processes
that are best understood through longitudinal and interpretable
models. In parallel, Explainable AI (XAI) methods have
increasinglybeen applied to researchassessment contexts, enabling
transparency in algorithmic decisionmaking and improving trust
in computational insights (Chaddad et al., 2023; Dwivedi et al.,
2023). By combining XAI with co-authorship network analysis,
our study contributes to this emerging intersection between data
science, team science, and scientometrics.

The literature employed various methods, such as interviews,
surveys, and Social Network Analysis (SNA), to identify factors
influencing co-authorship. In co-authorship networks, nodes
represent authors, and a link between two authors indicates
a joint publication. These networks are dynamic, constantly
evolving with the addition of new authors and links while also
experiencing potential cessation of collaborations. Link prediction
involves estimating the likelihood of future connections between
nodes in a network based on existing connections and network
characteristics (Hasin and Hassan, 2022). In co-authorship
networks, researchers who share similarities are more likely to
collaborate in the future. Predicted co-authorship links can serve
as a guide for forming robust research teams, providing strategic
directions for collaboration (Pavlov and Ichise, 2007). However,
most existing studies have primarily focused on predicting the
emergence of new collaboration links (Dorzhu et al., 2025;
Resce et al., 2022), which do not provide insight into why such
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links may persist or dissolve. This study extends previous work
by simultaneously examining new, persistent, and discontinued
collaborations, while integrating explainable machine learning to
interpret the underlying factors driving each pattern.

Liben-Nowell and Kleinberg (2003) employed similarity-based
metrics to predict future co-authorship links by analyzing five
co-authorship networks from arXiv, covering the years 1994 to
1999. The findings revealed that most similarity-based metrics
outperformed various baselines in predicting co-authorship
links. Pavlov and Ichise (Pavlov and Ichise, 2007) introduced
an improved link prediction method by integrating multiple
similarity-based metrics into a feature vector and utilizing
supervised Machine Learning (ML) to forecast new co-authorship
links. Their research focused on the co-authorship network
of Japanese researchers from 1993 to 2006. Hasan et al. (2006)
further advanced this approach by incorporating attribute-based
similarity metrics into the feature vector, aiming to boost ML
model performance in co-authorship link prediction. For instance,
they considered the size of the intersection set derived from a pair
of authors' publication keywords, concluding that authors with
higher values are more similar, thus increasing the likelihood of
future collaborations. In another study, Yu et al., (2014) extracted
various similarity-based metrics from co-authorship networks in
coronary artery disease research, using these features as input for
two distinct ML models. They demonstrated that features based
on network structure could effectively predict potential future
collaborations.

Chuan et al. (2018) assessed various similarity-based link
prediction metrics, and a novel hybrid attribute-based feature
was introduced to enhance co-authorship link predictions.
This innovative feature incorporates the content of authors'
publications by employing a Latent Dirichlet Allocation (LDA)
topic model (Blei, 2003) to extract publication topics and
calculate a discipline similarity score for author pairs. The study
indicated that researchers are more inclined to collaborate with
peers conducting research in similar fields. By analyzing three
co-authorship networks across different domains of physics,
the study highlighted the importance of evaluating publication
content to determine the similarity scores of authors and papers,
thereby improving the accuracy of co-authorship link prediction.

Several studies have employed link prediction and ML techniques
to forecast co-authorship links, primarily focusing on predicting
collaborations among researchers who have not previously
partnered. Despite these advances, there remains a critical gap
in understanding the full spectrum of collaboration dynamics
within scientific networks. Existing link-prediction studies often
neglect the continuation or termination of collaborations among
authors with prior co-authorship history, and their models often
lack interpretability, making it difficult to translate results into
actionable insights for research policy or team formation. To
address this gap, our study introduces an interpretable machine
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learning framework that predicts and explains new, persistent,
and discontinued co-authorship patterns in Al-driven cancer
research, offering a transparent and comprehensive view of
collaboration evolution.

Data

To examine the co-authorship patterns among researchers
involved in AI-driven cancer research, data were sourced from
Elsevier's Scopus, encompassing publications from 2000 to
2017. The search was conducted using the query: (“artificial
intelligence” OR “machine learning” OR “deep learning” OR
“neural network” OR “neural net”) AND (“cancer”). We included
journal articles, conference papers, book chapters, and books,
resulting in a total of 7,738 publications, 46,644 authors, and
123,054 co-authorship links. Only Englishlanguage publications
were retained to maintain consistency in text processing and
topic modeling. As illustrated in Figure 1, there is a noticeable
upward trajectory in the number of publications, which has been
increasingly accelerating in recent years.

METHODOLOGY

The data analytics workflow consists of four key components.
First, the publication data is preprocessed to prepare it for
analysis. Second, various features are engineered across different
types. The third component involves developing ML models
to predict co-authorship links. Finally, the fourth component
is dedicated to interpreting these models to identify the most
significant predictive factors. Figure 2 illustrates the high-level
conceptual flow of the analyses. Each component is explained in
detail in the following sections.

Data preprocessing

We applied several preprocessing steps to the textual data (ie.,
titles and abstracts of publications), including converting text to
lowercase and removing special characters, stop words, tags, and
punctuation marks. Following this, the textual data was tokenized
and lemmatized, resulting in a document-term frequency matrix.

In the data preparation phase, we constructed a total of 36
overlapping co-authorship networks, with 12 networks dedicated
to each of the three co-authorship patterns: new, persistent, and
discontinued. This was achieved using a methodology akin to that
described in (Chuan ef al., 2018; Pavlov and Ichise, 2007). Each
co-authorship network constructed in this study represents a set
of authors (nodes) and their co-authorship relationships (edges)
derived from publications within a specific time window. An
edge between two authors exists when they have co-authored
at least one publication during the input window. The edge
weight corresponds to the number of joint publications between
the author pair, reflecting the strength of their collaboration.
These networks are undirected, meaning that collaboration is
considered bidirectional and of equal significance to both authors.
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The 36 co-authorship networks were designed as overlapping
temporal networks, where consecutive networks share portions
of their input and prediction windows, moving the window year
by year. This overlapping approach ensures continuity in the
representation of collaboration dynamics and mitigates abrupt
transitions between time periods. It enables the tracking of
evolving author relationships across successive intervals, allowing
the detection of new, persistent, and discontinued collaborations
in a temporally consistent manner.

Each network utilized a four-year input window to extract
features from past co-authorship activities and a three-year
prediction window to assign labels that indicate whether
co-authorship links were new, ongoing, or discontinued. For
example, the first network used [2000-2003] as the input period
and [2004-2006] as the prediction period. Subsequent networks
were created by shifting both windows forward by one year,
resulting in overlapping temporal periods. The second network
used [2001-2004] as input and [2005-2007] as prediction,
continuing up to the final configuration of [2011-2014] as input
and [2015-2017] as prediction. This overlapping configuration
allows the model to capture gradual, yeartoyear changes in
the structure and composition of research collaborations. In
addition, this approach ensured the data was adequately prepared
for machine learning models, with each dataset containing a
feature vector composed of attribute-based and structure-based
metrics, along with a label identifying specific co-authorship
links. We performed comprehensive exploratory analyses. The
four-year input period was chosen to reflect typical research and
funding cycles in biomedical and Al research, capturing enough
collaboration history to characterize stable author-level features
such as productivity and network position while retaining
temporal relevance. The threeyear prediction window provides
a practical horizon for observing future collaborations without
introducing excessive variability from longterm structural shifts
in research networks. This configuration provided a balanced
and robust temporal framework for predicting co-authorship
dynamics. Our focus was on authors who were active during both
the input and prediction windows, providing a comprehensive
perspective of co-authorship dynamics
well-labelled dataset.

and ensuring a

For the new co-authorship pattern, labels were assigned such that
class 1 indicates the future emergence of a new co-authorship
link, while class 0 indicates its absence. A common challenge in
predicting links within co-authorship networks is class imbalance,
where one class significantly outweighs the other- for example,
more author pairs not collaborating compared to those who do
during the prediction windows. To tackle this imbalance, we
excluded links between author pairs with no connecting path in
their networks and employed random undersampling to balance
the dataset, having tested various techniques. For the persistent
and discontinued co-authorship patterns, we constructed 12
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Figure 1: Publications over time.

Data collection

networks each. In the persistent pattern, class 1 signifies continued
collaboration, while class 0 denotes its cessation. Conversely, in
the discontinued pattern, class 1 marks the end of collaboration,
whereas class 0 indicates its continuation, representing the

opposite scenario of the persistent pattern.

Feature engineering

We extracted two groups of features from the preprocessed data:
(1) Attribute-based, and (2) Structure-based. All features were
computed only using the publications contained in the dataset,

which are limited to Al-driven cancer research.
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Figure 2: High-level conceptual flow of the analyses. The workflow includes four main components: 1) Data preprocessing, 2) Feature

engineering, 3) Model development, and 4) Interpretation.
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Attribution-based features

These features focus on individual author characteristics,
covering aspects such as discipline, seniority, productivity,
collaboration diversity, and publication venues. Publication
venues pertain to the specific conferences and journals where
authors have disseminated their work. This feature set includes:
discipline similarity score, seniority similarity score, seniority
level of authors, productivity similarity score, productivity level
of authors, collaboration diversity similarity score, collaboration
diversity level of authors, and the number of shared publication
venues. Each feature is elaborated upon in detail in this section.

Discipline similarity

Utilizing the document-term frequency matrix (as detailed in
“Data preprocessing” Section), we developed an LDA model
(Blei, 2003) and performed hyperparameter tuning, identifying
six as the optimal number of topics based on coherence scores
(Roder et al., 2015) and expert validation. The model produced
a document-topic probability dataset, allowing us to determine
each author's discipline by averaging the feature vectors of their
publications. Subsequently, we calculated discipline similarity
scores for author pairs using cosine similarity to assess the
alignment of their research interests, grounded in the notion
that authors are more inclined to collaborate with peers in
similar fields. The discipline similarity score ranges from 0 to 1,
where higher values denote a greater resemblance between the
disciplines of an author pair.

Seniority

We utilized an author’s career age as an indicator of their seniority
level, determined by the duration between their first and most
recent publications. From this, we developed two metrics for
author pairs: the seniority similarity score and the seniority level.
The seniority similarity score evaluates how closely matched a
pair of authors in terms of career age, calculated by the absolute
difference between their career ages, with lower values signifying
greater similarity in seniority. In contrast, the seniority level
metric reflects the combined seniority of an author pair, where
higher values denote greater overall seniority. This metric is
calculated as the sum of the career ages of both authors in the
pair.

Productivity

An author's number of publications served as a measure of their
productivity. From individual productivity levels, we derived
two metrics for author pairs: the productivity similarity score and
the productivity level. The productivity similarity score assesses
how closely aligned a pair of authors is in terms of productivity,
calculated as the absolute difference between their publication
counts-lower values indicate greater similarity. Conversely, the
productivity level metric reflects the combined productivity
of the author pair, with higher values indicating greater overall
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productivity. This metric is calculated as the sum of their
publication counts.

Collaboration diversity

Degree centrality served as an indicator of an author's
collaboration diversity level, reflecting the number of distinct
collaborations an author has participated in. Based on this, we
developed two features: the collaboration diversity similarity
score and the collaboration diversity level. The collaboration
diversity similarity score for a pair of authors was determined
by the absolute difference in their degree centrality values, with
lower scores indicating a higher degree of similarity in their
collaboration diversity. Conversely, the collaboration diversity
level metric reflects the combined diversity of collaborations
for the author pair, with higher values indicating greater overall
collaboration diversity. This metric is calculated as the sum of
their degree centrality values.

Common publication venues

Publication venues refer to the conferences and journals where
authors have disseminated their work. While authors' disciplines
have been identified, this feature provides a more comprehensive
representation of an author's field of expertise. It calculates the
number of shared journals and conferences in which a pair of
authors have published, offering valuable insights into their
shared academic interests and potential for future collaboration.

Structure-based features

This set of features is derived from the structure of co-authorship
networks. A network (G) is defined as a tuple (G=(V,E)), where (V)
represents the set of nodes (or vertices), and (E) represents the set
of edges connecting pairs of nodes within (V). An edge between
nodes (x) and (y) is denoted as (e(xyy)). The term (|V]) indicates the
total number of nodes in the network, while (|E|) represents the
total number of edges. The neighbourhood of a node (x), denoted
as (T), refers to the set of nodes connected to (x), and the degree
of a node, (|T|), is the count of edges linked to it. Our networks
are undirected, meaning all edges are bidirectional. The degree
of each author node was calculated per network to represent the
number of unique collaborators within the corresponding input
window. Weighted and unweighted degree measures were used
in respective unweighted and weighted similaritybased link
prediction features that are explained in this section.

Our structure-based metrics are designed to calculate a score
for each pair of authors, reflecting their level of similarity within
the network. We employed both unweighted and weighted local
similarity-based link prediction metrics to gain a comprehensive
understanding of the factors influencing various co-authorship
patterns. For simplicity, we refer to these metrics asunweighted and
weighted similarity-based metrics. Unweighted similarity-based
metrics evaluate the similarity between two nodes in a network
without considering edge weights; for instance, in a co-authorship
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network, they treat multiple collaborations between two authors
as a single collaboration. Conversely, weighted similarity-based
metrics take into account the strength of co-authorship links,
recognizing that authors with numerous joint collaborations
have stronger ties than those with fewer collaborations. In this
study, we applied several unweighted similarity-based metrics,
including: 1) Common Neighbours (CN), 2) Jaccard Coeflicient
(JC), 3) Adamic-Adar Index (AA), 4) Preferential Attachment
(PA), and 5) Shortest Path (SP). These metrics have been
effectively utilized by researchers to predict new co-authorship
links (Chuan et al., 2018; Hasan et al., 2006; Pavlov and Ichise,
2007; Yu et al., 2014). The CN family of structure-based features
are conceptually related, as they stem from the shared-neighbor
principle. Nevertheless, each feature was retained since it
captures distinct aspects of authorpair proximity, providing
complementary predictive value.

Common Neighbours (CN)

This metric is based on the premise that two nodes with a greater
number of shared neighbours are more likely to form a link within
a social network. This assumption is supported by the observed
correlation between the number of common neighbours and the
likelihood of link formation (Newman, 2001). The CN metric
quantifies the similarity score by counting the shared neighbours,
as detailed in Equation (1) (Liben-Nowell and Kleinberg, 2007):

CN=[r T, | (1)

where I' and T are the sets of authors who have co-authored
with author x and y, respectively, and [T N T y| is the number of
shared co-authors between x and y. If authors x and y have many
collaborators in common, they are likely to be part of the same
research community, which increases the probability of future
collaboration.

Jaccard Coefficient (JC)

Originating from information retrieval systems (Jaccard 1901),
the JC metric defines the similarity score as the ratio of the
number of shared neighbours to the total set of neighbours of
two nodes, as expressed in Equation (2):

— |Fxnry|

jc=
Ir.ur|

)

In the equation, I' UT is the set of all unique co-authors of x and
y combined, and [T U Fy| is the total number of unique co-authors
between x and y. In co-authorship networks, JC evaluates the
similarity between a pair of authors by calculating the ratio of
their shared co-authors to the total number of unique co-authors
they have combined.

Adamic-Adar index

This metric provides a similarity score for a pair of nodes by
considering the attributes of their shared neighbours. Unlike the
CN metric, the AA index is weighted, penalizing each shared
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neighbour, (z), based on its degree, as described in Equation (3).
This adjustment is especially pertinent in scenarios where a node’s
capacity to allocate resources among its connections decreases as
the number of its neighbours grows (Martinez et al., 2016).

1
AA= Z ogmr &

ZETLNTy,

where T is the set of co-authors of author z, |T | is the number
of co-authors of z. The summation runs over all z who are
common co-authors of x and y. In co-authorship networks, the
AA index assigns higher weights to shared co-authors who have
fewer overall co-authors, emphasizing the importance of more
exclusive collaborative relationships (Yu et al., 2014).

Preferential attachment

The PA metric is based on the principles of power-law distribution
and scale-free networks, as introduced by the Barabasi-Albert
network model (Barabdsi and Albert, 1999). According to this
model, the probability of forming a link between two previously
unconnected nodes increases with their respective degrees. The
PA score, defined in Equation (4), is calculated in our study by
multiplying the degrees of the two authors involved.

PA=[NIN|[ (4

Shortest path

This metric calculates the minimum number of edges needed
to connect pairs of nodes within a network. It operates on
the assumption that longer paths, indicated by higher values,
decrease the likelihood of forming a future link between two
unconnected nodes. Essentially, authors who are situated further
apart in a network are less likely to collaborate than those who are
positioned closer together. For author pairs that are disconnected,
meaning no path exists between them within the input window,
the path length is undefined. To ensure numerical consistency, we
imputed a fixed maximum distance value, defined as the diameter
of the largest connected component plus 1. This imputation
reflects the conceptual assumption that disconnected authors are
separated by the greatest possible distance and therefore have the
lowest likelihood of future collaboration.

In contrast to unweighted similarity-based features, weighted
similarity-based metrics offer an additional layer of detail by
incorporating collaboration weights into their calculations. The
collaboration weight, denoted as (w(a,b)), quantifies the strength
of the link between nodes (a) and (b), defined by the number of
joint papers on which two authors have collaborated (Chuan et
al., 2018). For instance, Weighted CN (WCN) extends the CN
measure by incorporating the strength of prior collaborations.
Let x and y be two authors,and I' and T’ represent the sets of their
co-authors. The intersection T N T is the set of authors who have
collaborated with both x and y. The WCN score is calculated as:
w(x,z) +w(y z
WCN = Z % (5)

zElxNTy
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Here, the numerator sums the average collaboration weights
between each of the shared co-authors (z) and the target authors
(x and y). The WCN score suggests that author pairs with a
larger number of shared co-authors, with whom they have
published more joint papers, are more likely to engage in future
collaborations (Murata and Moriyasu, 2007). Similarly, other
weighted similarity-based metrics, including the weighted JC
(WJC, Equation (6)), weighted AA (WAA, Equation (7)), and
weighted PA (WPA, Equation (8)), function under analogous

assumptions.
¥ w(x,z) + w(y, z)
W]C _ zE€lxNTy 2 (6)
Z:‘i.I:El"x w(x, u) + ZUEFy w(yr 17)

w(x,z) + w(y, z) 1
WAA = 7
Z 2 logGer,0G0) )

WPA = Z w(x,u) Z w(y,v) (8)
uely vEly

Collaboration weight

We included Collaboration Weight (CW) as a separate metric
to measure the strength of collaboration between two authors
within a network (Parimi and Caragea, 2011). This metric not
only considers the number of joint collaborations between
authors but also takes into the account the number of authors
involved in their shared publications. As outlined in Equation
(9), the collaboration weight for an author pair (x,y) is adjusted
according to the number of authors participating in the joint
publications, effectively penalizing larger author groups.

ii
0,0y,

P
CW_an—l )
i=

In the equation, p is the total number of joint publications, o

is equal to 1 if x is an author of paper i, and it is 0 otherwise.
Additionally, n_i represents the number of authors contributing
to paper i.

Model development

We developed four machine learning classifiers: Logistic
Regression (LR), Decision Trees (DT), Random Forest (RF), and
Extreme Gradient Boosting (XGBoost). LR serves as a baseline
linear model, while DT, RF, and XGBoost are tree-based methods
capable of modelling complex feature interactions. We evaluated
their performance relative to one another and against a baseline,
represented by the prevalence metric. The prevalence metric
indicates the proportion of positive samples within the dataset
and serves as the baseline for random classification. It reflects
the expected accuracy of a classifier that makes predictions
entirely at random. We split the dataset into training and testing
subsets, allocating 80% of the total data to the training set and
the remaining 20% to the testing set. To ensure a fair comparison
across classifiers, we optimized each model’s hyperparameter
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using a random search strategy. During the training phase, we
applied repeated stratified 5-fold cross-validation (number of
repeats=3) on the training data to obtain stable performance
estimates. The hyperparameter combinations were evaluated
using the mean Area Under the Curve (AUC) across all folds
as the selection criterion. The best performing hyperparameter
set for each classifier was then used to retrain the model on the
entire training set, and the final performance was assessed on
the independent test set. The problem was framed as a binary
classification task. We assessed the models using several metrics,
including precision, recall, F1 score, AUC, and Average Precision
(AP), which calculates the area under the precision-recall curve.
AP is particularly recommended for binary classification tasks,
especially in addressing imbalanced classification challenges
(Davis and Goadrich, 2006; Saito and Rehmsmeier, 2015). Class
imbalance was addressed by random undersampling of the
majority class. This approach was chosen for two reasons: (1) it
preserves the authenticity of observed author pair relationships
by avoiding the generation of synthetic samples that could distort
network structure, and (2) it offers computational efficiency
suitable for large scale co authorship networks. While other
methods were considered, our preliminary tests showed that
random undersampling yielded better model performance while
maintaining interpretability and reducing runtime. Although
this strategy effectively mitigated class imbalance in our study, it
may limit generalizability. Consequently, the model’s predictions
are best interpreted within the context of the given dataset, i.e.,
Al-driven cancer research.

Interpretation

We used Shapley Additive Explanations (SHAP) (Lundberg and
Lee, 2017) to interpret the contribution of each feature to the
model’s predictions. SHAP values are based on cooperative game
theory, where each feature is treated as a “player” contributing
to the “payout” (prediction). The SHAP value for a feature
represents the average marginal contribution of that feature
across all possible feature combinations. Positive SHAP values
indicate that the feature increases the likelihood of a link, while
negative values suggest the feature decreases it. For example,
in predicting new collaborations, a high discipline similarity
score might yield a positive SHAP value, increasing the model’s
confidence that a link will form. SHAP was applied separately to
each co-authorship pattern (new, persistent, discontinued) and to
the best-performing model for that pattern.

RESULTS

New co-authorship
Performance evaluation

Table 1 presents the performance of ML models in predicting
new collaborations. The average recall values are 0.77 for logistic
regression, 0.81 for decision tree, 0.88 for random forest, and 0.87
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for the XGBoost model. The random forest classifier achieved
the highest average recall, successfully predicting 88% of new
co-authorship links on average. The average AUC values for
the LR, DT, RE and XGBoost classifiers are 0.86, 0.84, 0.90, and
0.88, respectively, demonstrating the high performance of the
developed models in predicting new co-authorship links. Lower
precision values are common in link prediction tasks, as observed
in other studies, such as (Chuan et al., 2018). However, these
classifiers allow for the adjustment of recall or precision, enabling
the predictive model to be tailored to specific needs, albeit at the
expense of the other metric.

Figure 3 compares the Area under the Precision-recall curve (AP)
of classifiers against the baseline for predicting new co-authorship
patterns. All classifiers surpassed the baseline, showcasing
their effectiveness in predicting new co-authorship links. The
RF classifier demonstrated superior performance across most
co-authorship networks, except for the second network, where
LR slightly outperformed RE Notably, the RF model achieved
the highest AP value of 0.74 in the fifth co-authorship network,
significantly surpassing the baseline value of 0.04. Following RE
LR and XGBoost were ranked as the second-best algorithms for
predicting new co-authorship links.

Driving factors

We conducted a SHAP analysis (refer to “Interpretation”
Section) to pinpoint the key factors driving the prediction of new
co-authorship links. Figures 4a-b illustrate the most influential
factors within co-authorship networks 2 and 5, selected due to the
models” superior performance in predicting new co-authorship
links. In these figures, two colours indicate the impact of the
factors: red represents a positive impact, while blue indicates a
negative impact on the likelihood of new co-authorship links.
The horizontal axis displays the contribution value of each
feature, with features ordered in descending order based on their
contribution values, placing the most influential factors first.
The figures highlight the following features as key predictors:
weighted/unweighted Jaccard coeflicient, weighted/unweighted
Adamic-Adar index, weighted/unweighted common neighbours,
weighted/unweighted  preferential — attachment, discipline
similarity score, productivity level of authors, and productivity
similarity score.

The features identified above are divided into structure-based
and attribute-based factors. Structure-based factors encompass
metrics such as the Jaccard Coefficient (JC), Adamic-Adar Index
(AA), Common Neighbours (CN), and Preferential Attachment
(PA), along with their weighted variants. These metrics are derived
from the structure of the co-authorship networks. Research has
demonstrated that these structure-based factors play a significant
role in the formation of new co-authorship patterns (Liben-
Nowell and Kleinberg, 2007; Pavlov and Ichise, 2007; Yu et al.,
2014). Importantly, all structure-based factors, except for both
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weighted and unweighted preferential attachment metrics, are
variations of the CN metric.

Figures 4-a and 4-b illustrate that these CN-based features
positively affect the development of new co-authorship links. The
CN metric assesses the number of shared co-authors between two
authors, suggesting that authors with more common co-authors
are more likely to collaborate in the future. The Jaccard Coefficient,
another CN-based metric, is calculated as the ratio of common
co-authors to the total number of potential co-authors, with a
higher JC indicating a greater likelihood of future collaboration.
The Adamic-Adar Index, also CN-based, assigns higher weights
to common co-authors with fewer connections themselves. Its
positive influence on new co-authorship links suggests that, for
two author pairs with an equal number of common co-authors,
those whose common co-authors have fewer connections are
more likely to form a co-authorship link.

Attribute-based features, including discipline similarity score,
productivity level of authors, and productivity similarity score,
are also key drivers of new co-authorship patterns. Derived
from individual author attributes, the discipline similarity
score evaluates the similarity of research fields and disciplines
between two authors and positively impacts the likelihood of
new co-authorships, as depicted in the figure. This suggests
that authors with similar research fields are more inclined
to collaborate compared to those from differing disciplines.
Furthermore, the productivity similarity score and productivity
level of authors are significant attribute-based factors influencing
new co-authorship patterns. These metrics use the number of
publications to measure an author’s productivity. Interestingly,
in most networks, these productivity metrics tend to negatively
impact the formation of new co-authorship links.

Persistent co-authorship
Performance evaluation

Table 2 presents the performance of various ML models in
predicting persistent collaborations. The average recall scores for
the classifiers are as follows: LR at 0.75, DT at 0.67, RF at 0.73,
and XGBoost at 0.74. The higher precision of these classifiers,
compared to those in Table 1, suggests that a substantial portion
of the predicted persistent co-authorship links did indeed
occur, underscoring their effectiveness in forecasting ongoing
collaborations. additionally, the high AUC values reflect the
classifiers’ strong ability to accurately distinguish between
the presence and absence of persistent co-authorship links,
highlighting their reliability in predictive tasks.

Figure 5 illustrates the Average Precision (AP) performance of
the ML models compared to each other and the baseline. All
classifiers surpassed the baseline, demonstrating their strong
capability in predicting persistent co-authorship links. The
classifiers exhibited similar performance, with AP values ranging
from 0.89 to 0.97. The average precision for the classifiers was as
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Table 1: Model performance in predicting new collaborations.

Network Model
1 LR
DT
RF
XGB
2 LR
DT
RF
XGB
3 LR
DT
RF
XGB
4 LR
DT
RF
XGB
5 LR
DT
RF
XGB
6 LR
DT
RF
XGB
7 LR
DT
RF
XGB
8 LR
DT
RF
XGB
9 LR
DT
RF
XGB
10 LR
DT
RF
XGB

Recall
1.00
1.00
1.00
1.00
0.68
0.90
0.87
0.81
0.41
0.76
0.94
0.88
0.63
0.79
0.89
0.74
1.00
0.95
0.95
1.00
0.76
0.80
0.84
0.80
0.71
0.88
0.79
0.83
0.85
0.60
0.75
0.90
0.83
0.88
0.88
0.88
0.95
0.76
1.00
0.95

AUC
0.94
0.94
0.96
0.85
0.91
0.88
0.92
0.88
0.74
0.76
0.87
0.83
0.79
0.81
0.89
0.88
0.96
0.92
0.97
0.96
0.91
0.84
0.92
0.92
0.86
0.85
0.89
0.89
0.80
0.80
0.85
0.87
0.81
0.84
0.90
0.85
0.87
0.82
0.91
0.89

AP

0.44
0.23
0.52
0.30
0.76
0.55
0.73
0.69
0.54
0.38
0.61
0.52
0.58
0.38
0.59
0.52
0.49
0.25
0.74
0.45
0.44
0.24
0.49
0.33
0.29
0.22
0.36
0.31
0.22
0.17
0.42
0.40
0.30
0.21
0.53
0.29
0.35
0.24
0.49
0.41
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11 LR 0.94 0.91 0.38
DT 0.78 0.85 0.25
RF 0.94 0.89 0.42
XGB 1.00 0.89 0.34
12 LR 0.50 0.81 0.23
DT 0.67 0.77 0.09
RF 0.67 0.82 0.33
XGB 0.61 0.79 0.28

Note: XGB: XGBoost.

follows: LR at 0.91, DT at 0.93, RF at 0.94, and XGBoost at 0.93.
Similar to the predictions for the new co-authorship pattern, the
random forest model generally delivered the highest performance
across most co-authorship networks. However, in networks 5 and
10, XGBoost outperformed the RF model.

Driving factors

Figures 6a-b highlight the most important features in predicting
persistent collaboration within co-authorship networks 7 and
11, where the models demonstrated the highest performance.
Similar to the new co-authorship pattern analysis (Figure 4),
both structure-based and attribute-based metrics emerged
as significant predictive features. The key predictive features
included authors’ productivity, discipline similarity score,
seniority level, preferential attachment and its weighted
variant, collaboration weight, collaboration diversity similarity
score, weighted/unweighted Jaccard coeflicient, and weighted/
unweighted Adamic-Adar index.

The analysis revealed that the productivity level, defined as the
total number of publications by an author pair, adversely affects
the likelihood of maintaining persistent co-authorship links.
Conversely, the discipline similarity score positively influences
ongoing co-authorship patterns, indicating that author pairs
sharingsimilarresearch disciplinesaremoreinclinedto collaborate
again in the future. Another attribute-based feature, authors’
seniority, also negatively impacts persistent co-authorship,
suggesting that author pairs with longer career spans are less
likely to renew collaborations. Similarly, preferential attachment
has a negative effect on the continuity of co-authorship links. This
negative influence, along with the impact of authors” productivity
levels, could be due to highly productive author pairs being more
visible in the research community, thus becoming more accessible
to new collaborators and reducing the likelihood of collaborating
again with previous partners (Yu et al., 2014).

The collaboration weight, which considers both the number of
joint publications by author pairs and the number of authors
involved in those publications, positively impacts persistent
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Table 2: Model performance in predicting persistent collaborations.

Network
1

10

54

Model
LR
DT
RF
XGB
LR
DT
RF
XGB
LR
DT
RF
XGB
LR
DT
RF
XGB
LR
DT
RF
XGB
LR
DT
RF
XGB
LR
DT
RF
XGB
LR
DT
RF
XGB
LR
DT
RF
XGB
LR
DT
RF
XGB

Recall
0.79
0.67
0.78
0.76
0.81
0.68
0.73
0.71
0.74
0.71
0.72
0.74
0.74
0.60
0.71
0.68
0.73
0.64
0.73
0.71
0.61
0.64
0.67
0.67
0.82
0.71
0.77
0.81
0.78
0.70
0.69
0.73
0.79
0.70
0.77
0.80
0.72
0.67
0.73
0.76

AUC
0.82
0.87
0.90
0.88
0.69
0.79
0.84
0.82
0.76
0.86
0.87
0.84
0.77
0.73
0.80
0.78
0.74
0.78
0.84
0.85
0.70
0.78
0.79
0.75
0.77
0.78
0.85
0.82
0.79
0.76
0.81
0.78
0.82
0.74
0.85
0.84
0.74
0.78
0.81
0.85

AP

0.97
0.97
0.98
0.97
0.95
0.95
0.98
0.97
0.95
0.96
0.97
0.96
0.92
0.90
0.94
0.93
0.92
0.92
0.96
0.97
0.91
0.92
0.95
0.93
0.93
0.91
0.96
0.95
0.92
0.91
0.94
0.94
0.93
0.9

0.95
0.95
0.92
0.93
0.95
0.96

11 LR 0.67 0.79 0.93
DT 0.68 0.79 0.93
RF 0.71 0.86 0.97
XGB 0.71 0.85 0.96
12 LR 0.74 0.79 0.94
DT 0.70 0.81 0.94
RF 0.74 0.85 0.96
XGB 0.82 0.86 0.96

co-authorship patterns. As shown in Figure 6, this suggests that
author pairs with more joint publications involving fewer authors
are more likely to collaborate again. Additionally, the collaboration
diversity similarity score, a structure-based feature, emerged as
a significant predictor of persistent co-authorship patterns. The
negative effect of collaboration diversity similarity may imply
that authors tend to re-collaborate with those who have similar
levels of collaboration diversity. In line with factors driving
new co-authorship patterns, both the Jaccard coefficient and
Adamic-Adar index positively influence persistent co-authorship
patterns, suggesting that author pairs with a greater number of
common co-authors are more likely to collaborate again.

Discontinued co-authorship

Performance evaluation

Table 3 showcases the performance of various ML models in
predicting the discontinued collaborations. The average recall,
which evaluates the model’s ability to accurately predict the
discontinuation of collaboration between author pairs, was 0.63
for LR, 0.72 for DT, 0.75 for RE, and 0.73 for XGBoost, with RF
achieving the highest average recall. In terms of the average AUC,
the models performed as follows: LR achieved an AUC 0f 0.74, DT
scored 0.77, RF reached 0.82, and XGBoost attained 0.81. These
AUC scores reflect the models’ proficiency in distinguishing
between the presence and absence of co-authorship links, with
RF demonstrating the highest discriminative capability. A higher
AUC value indicates better model performance in accurately
identifying true positives and negatives, underscoring the
effectiveness of RF and XGBoost in predicting discontinued
co-authorship patterns.

Figure 7 illustrates the average precision performance of the
classifiers compared to the baseline, demonstrating that all
classifiers surpassed the baseline in predicting discontinued
co-authorship links. Among them, RF and XGBoost delivered
the best performance.
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Figure 3: Performance evaluation of models in predicting new collaborations based on the area under the precision-recall curve.

Values at the end of each line indicate the average performance.
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Journal of Scientometric Research, Vol 15, Issue 1, Jan-Apr, 2026



Mosallaie, et al.: Link Prediction in AI-Driven Cancer Research

Table 3: Model performance in predicting discontinued collaborations.

11 LR 0.80 0.82 0.54
Network Model Recall AUC AP DT 0.78 0.82 0.48
1 LR 0.71 0.67 0.40 RF 0.81 0.86 0.61
DT 0.93 0.89 0.48 XGB 0.85 0.88 0.64
RF 0.79 0.86 0.64 12 LR 0.72 0.79 0.46
XGB 0.79 0.86 0.65 DT 0.58 0.75 0.36
2 LR 0.58 0.77 0.44 RF 0.70 0.81 0.55
DT 0.58 0.74 0.27 XGB 0.66 0.79 0.50
RFE 0.68 0.83 0.46
XGB 0.63 0.77 0.43 Driving factors
3 LR 0.68 0.80 0.48 Figure 8 highlights the key features influencing discontinued
DT 0.75 0.82 0.48 collaborations. Unlike the trends observed in persistent
RF 0.82 0.89 0.73 co-authorship patterns, the productivity level of authors has
XGB 0.82 0.89 0.61 a positive effect on the likelihood of collaborations ending.
Additionally, the seniority level of authors, calculated as the
4 IR 0-54 0.68 040 combined career age of author pairs, emerges as a significant
DT 0.63 0.66 0.30 factor, also positively impacting discontinued co-authorships.
RF 0.80 0.70 0.37 This suggests that author pairs with longer collective career spans
XGB 0.51 0.64 0.37 are more prone to ending their collaborations compared to those
5 LR 0.38 0.60 0.38 who are earlier in their careers. On the other hand, collaboration
DT 0.69 0.75 033 weight negatively affects the likelihood of co-authorships
RE 0.67 079 0.50 .en.ding. "H.lis %mpli'es tha.t author pairs v.vith a larger nur.nber of
joint publications involving fewer contributors are less likely to
2L Ui L7 Ve terminate their collaboration. This tendency may be attributed to
6 LR 0.66 0.68 041 the strong collaborative bonds these author pairs have previously
DT 0.80 0.72 0.30 formed, making them more inclined to continue working
RF 0.70 0.75 0.43 together.
XGB 0.68 0.77 0.46 Structure-based metrics, including unweighted and weighted
7 LR 0.54 0.73 0.51 Jaccard coefficient, Adamic-Adar index, common neighbours,
DT 0.75 0.78 0.41 preferential attachment, and weighted preferential attachment,
RF 0.77 0.82 0.56 influence discontinued co-authorship patterns. However, their
XGB 0.79 0.83 0.59 impact is not consistently positive or negative, suggesting that
g LR s 0.86 0,68 a higher nu'mber of comrr'lon’co—authors does not‘necessar.lly
correlate with a lower likelihood of author pairs ceasing
20 07t k) Ve collaboration in the future. This may indicate that the relationship
RE 0.84 0.87 0.64 between these metrics and co-authorship discontinuation is
XGB 0.88 0.86 0.60 complex and context-dependent.
& LR Ugs U 02 When considered collectively, the analyses of new, persistent, and
DT 0.67 0.76 0.45 discontinued co-authorship patterns reveal several consistent
RF 0.65 0.84 0.69 and complementary trends. Across all three collaboration types,
XGB 0.69 0.79 0.61 both attribute-based and structure-based features play significant
10 LR 0.62 0.77 0.49 roles, though their effects may differ by collaboration stage.
DT 0.67 0.80 0.46 Discipline similarity consistently emerges as a positive driver
of collaboration initiation and continuation, while its absence
RE 0.73 0.84 0.61 . . . . - ..
is associated with collaboration termination. Productivity and
XGB 0.81 0.85 0.57

seniority show opposite effects across collaboration types-highly
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Figure 6: SHAP analysis, most important features in predicting persistent collaboration links: a) Network 7, b) Network 11.
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Figure 7: Performance evaluation of models in predicting discontinued collaborations based on the area under the precision-recall curve.

Values at the end of each line indicate the average performance.
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Figure 8: SHAP analysis, the most important features in predicting discontinued collaboration links: a) Network 3, b) Network 8.
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productive and senior author pairs might be less likely to sustain
existing collaborations and more likely to discontinue them,
suggesting that experienced or prolific researchers often diversify
their partnerships. In contrast, most of the structure-based CN
family metrics (e.g., JC, AA, and CN) consistently enhance
the probability of new and persistent links, underscoring the
importance of shared network neighbourhoods in fostering
collaboration. Together, these findings demonstrate that the
mechanisms shaping collaboration formation, persistence,
and dissolution are interrelated and generalizable across the
three co-authorship patterns examined, offering a unified
understanding of collaboration dynamics within Al-driven
cancer research.

CONCLUSION

This study set out to predict various co-authorship links
and uncover key factors influencing different co-authorship
patterns among researchers, using “Al-driven cancer research’
as a case study to illustrate the effectiveness of our approach.
By extracting both structure-based and attribute-based metrics
from co-authorship networks and individual authors, we used
these features as inputs for machine learning classifiers to
predict new, persistent, and discontinued co-authorship patterns.
Across all examined collaboration types, the machine learning
models exhibited strong and consistent predictive performance,
highlighting the value of integrating both types of metrics for
accurate co-authorship link prediction. When analyzed over time
(across the 12 overlapping networks spanning 2000-2017), model
performance remained stable, with only minor fluctuations across
time windows. These slight variations likely reflect temporal
changes in network density and the evolving scale of Al-driven
cancer research rather than model instability. The Random
Forest classifier consistently achieved the highest recall and AUC
across all collaboration types and time windows, confirming its
robustness and suitability for modeling co authorship dynamics
in this domain.

Our analysis revealed that attribute-based metrics, such as
authors’ productivity levels and seniority, play a significant role
in shaping these patterns. While high productivity negatively
affects persistent co-authorship, it positively correlates with
discontinuation, suggesting that prolific authors may seek
new collaborations. Similarly, seniority positively influences
discontinued co-authorships, indicating that authors with longer
careers might be more inclined to diversify their collaborations.
Additionally, the discipline similarity score emerged as a crucial
factor, positively influencing new and persistent patterns while
negatively affecting discontinued patterns. This suggests that
authors working in similar fields are more likely to initiate or repeat
collaborations and are less likely to end them. Structure-based
metrics, such as the Jaccard coefficient, Adamic-Adar index, and
preferential attachment, also emerged as key influencers, though
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their effects varied across different co-authorship patterns. This
complexity underscores the nuanced nature of co-authorship
dynamics, where sharing common co-authors does not
necessarily predict ongoing or future collaboration.

The SHAP analyses across all collaboration types highlight two
overarching categories of influential attribute-based factors:
intellectual similarity and social similarity. The first is captured
by the LDA-based discipline similarity score, which quantifies
the thematic alignment of authors’ research interests. This factor
consistently exhibits a positive effect for new and persistent
collaborations, underscoring the importance of intellectual
proximity in sustaining co-authorship links. The second
category reflects social similarity, represented by seniority and
productivity-related metrics. These features show that highly
productive authors are more likely to discontinue collaborations,
possibly due to expanded professional networks and shifting
research priorities, whereas authors with similar seniority levels
may tend to maintain existing collaborations. On a related note,
it was found that senior and highly productive authors are more
likely to discontinue older collaborations while simultaneously
being well-positioned to form new ones. This behaviour
likely reflects the evolution of academic careers. Experienced
researchers may broaden their professional networks, explore
new interdisciplinary directions, and engage in diverse projects
rather than maintaining the same co-authorship ties. In contrast,
early career or moderately active authors tend to preserve existing
collaborations, possibly due to the stability and mentorship
benefits these relationships provide. This trend underscores the
dynamic and adaptive nature of collaboration within AI-driven
cancer research, where career stage and research activity shape
the continuity and renewal of co-authorship links.

Our findings generally align with established theoretical
frameworks on collaboration and social network behaviour.
The observed influence of discipline similarity and seniority
similarity supports the principle of homophily, indicating that
authors with similar research interests and career stages are more
likely to initiate and sustain collaborations. The strong predictive
role of CN family metrics reflects the triadic closure mechanism
in social networks, where shared collaborators increase the
likelihood of forming new and enduring links. At the same time,
the results reveal a subtle departure from traditional assumptions
of collaboration stability-senior and prolific authors tend to
discontinue older partnerships, suggesting that career progression
leads to network diversification rather than long-term stability.
This pattern highlights the dynamic nature of interdisciplinary
collaboration in Al-driven cancer research, where both structural
and attribute-based similarities shape how research teams evolve
over time.

Although this study focuses on Al driven cancer research, the
methodological framework and analytical approach are broadly
applicable to other interdisciplinary research domains. The
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integration of attribute-based and structure-based features,
combined with interpretable machine learning models, provides
a versatile template for examining collaboration dynamics in
diverse fields such as biomedical engineering, computational
neuroscience, or environmental informatics. The consistent model
performance across multiple time windows and collaboration
types demonstrates the framework’s robustness and potential for
generalization.

Our study emphasize the importance of understanding both
attribute-based and structure-based factors when analyzing
author collaboration networks. In terms of disciplinary relevance,
the findings highlight the interplay between disciplinary
alignment and career related factors in shaping collaboration
patterns. The robust performance and interpretability of the
classifiers can help researchers worldwide identify potential
collaborators and assist research organizations in forming
cohesive, effective research teams. This study not only enhances
the understanding of co-authorship dynamics but also supports
the idea that co-authorship arises from social networks, offering
valuable insights into building strong academic collaborations.

LIMITATIONS AND FUTURE WORK

This study encountered several limitations, mainly stemming
from the data source used. While Scopus is recognized as
comprehensive resources in the medical field, as noted by Falagas
et al., 2008, incorporating additional sources could provide
a more comprehensive perspective. Furthermore, excluding
non-English publications might have restricted the diversity of
the dataset. We did not use any country or institutional filters;
however, this language restriction may introduce regional and
cultural biases, favouring countries with strong English language
publication traditions. The reliance on Al-related search terms
may also bias the dataset toward computational and data science
perspectives within cancer research, potentially omitting relevant
contributions from other biomedical or clinical disciplines that do
not explicitly reference Al in titles or abstracts. Scopus provides
unique author identifiers, which were used to link publications
to specific authors. It might be possible that distinct authors
with similar names are occasionally merged or a single author is
split into multiple IDs, potentially introducing minor noise into
the co-authorship networks. We emphasize that, given the large
dataset and the scale of our analysis as well as the reliability of
Scopus, such residual errors are unlikely to significantly affect the
overall patterns or conclusions of the study.

It is important to note that co-authorship does not always
imply collaboration. Authors may collaborate without resulting
in co-authorship, and not all co-authored papers result from
genuine collaboration (Ebadi and Schiffauerova, 2015). In our
study, structure-based metrics were derived from “homogeneous”
co-authorship networks, which consist of a single type of node
(authors) and edge (co-authorship links). These metrics were
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employed as input for machine learning classifiers and the
SHAP approach to identify collaboration factors. Future research
could benefit from constructing “heterogeneous” co-authorship
networks that incorporate various node types (e.g., authors,
institutes, papers, fields, venues) and edge types (e.g., author roles
within papers, affiliations, publication venues, fields, citations).
These complex networks would allow for the extraction of
more nuanced features, enabling advanced techniques for
co-authorship link prediction and offering deeper insights
into the factors driving co-authorship, as suggested by Hu et
al. (2020). Such developments could significantly enhance our
understanding of academic collaboration dynamics and improve
predictive models.

Several limitations related to data, author representation, and
systemic factors should be noted. First, the dataset is inherently
shaped by publication and indexing practices. It reflects only
formal, published co-authorships, thereby excluding informal
collaborations, mentorship relationships, or interdisciplinary
exchanges that do notresultin co-authored outputs. Consequently,
the results should be interpreted as representative of formalized
research ties rather than the full spectrum of collaborative
activity. Second, systemic and author-level biases may influence
the observed patterns. Established or senior researchers are
often overrepresented in indexed literature, while early career
researchers, researchers from low-resource institutions, or those
publishing in emerging orlocal journals may be underrepresented.
This asymmetry can bias network structures toward well-funded,
internationally visible collaborations and may understate
contributions from smaller or less connected research groups.
Third, disciplinary and topical biases may arise from the use of
Al-related search terms, which emphasize computational and
data-driven aspects of cancer research. This may underrepresent
clinically oriented or experimental subfields that apply Al
implicitly or peripherally without explicit mention in titles or
abstracts. Future research could mitigate these limitations by
integrating multiple data sources-such as acknowledgments,
funding records, or institutional affiliations-to better capture the
multifaceted nature of scientific collaboration.

While this study focuses on interpretable prediction and the
identification of key factors influencing collaboration dynamics,
the developed framework may provide a foundation for future
prescriptive applications. The predicted probabilities and
SHAP-derived feature attributions could be extended to design a
collaboration success score or optimization-based recommender
system that suggests promising, non-obvious collaborators
for researchers or institutions. Such extensions would require
additional contextual and policy-specific data but represent
a natural next step, building upon the interpretability and
robustness established in this work.

On the modelling side, the selection of machine learning models
was guided by comprehensive experimentation, the nature of
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the dataset and the study’s emphasis on interpretability. Future
work may consider deep learning alternatives. Lastly, future
studies could enhance the current framework by explicitly
classifying author affiliations into categories such as academic,
private, governmental, and non-profit, enabling the examination
of sector-specific collaboration patterns and revealing potential
structural differences between private-public partnerships and
purely academic collaborations in Al-driven cancer research.
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