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Abstract

High-quality scientific research plays a pivotal role in advancing society, stimulating eco-
nomic growth, protecting the environment, and driving technological innovation. Under-
standing the key factors that lead to impactful research is thus crucial as it can steer the
development of more effective policies to enhance the research enterprise. Extensive litera-
ture emphasises that the composition of a research team is vital for generating innovative
and impactful scientific work. Many studies have focused on how team diversity, includ-
ing aspects like ethnicity, gender, and international background, affects research outcomes.
These types of diversities often correlate positively with the impact of research. In this
paper, we investigate a less-explored dimension of diversity: the diversity of authors’ areas
of expertise. This aspect has received limited attention, primarily due to the challenges
involved in defining and measuring it. We present new Al-driven methods to quantify this
diversity of expertise and conduct an extensive analysis of over 944,000 Computer Science
papers. Specifically, this study investigates the relationship between the authors’ diversity
of expertise and the number of citations their paper receives within the first five years.
For each paper, we modelled the expertise of each individual author and then quantified
the overall diversity within the author team. We then performed a statistical analysis that
revealed a significant positive correlation between two diversity metrics and the number of
citations received. This suggests that, in the field of Computer Science, diversity of exper-
tise is a key driver of high-impact research.

Keywords Team science - Science of science - Scientometrics - Research impact -
Diversity of expertise - Metascience

Introduction

High-quality scientific research plays a pivotal role in advancing society, stimulating eco-
nomic growth, protecting the environment, and driving technological innovation. Under-
standing the key factors that led to impactful research is thus crucial as it can steer the
development of more effective policies to enhance the research enterprise.
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Extensive literature emphasises that the composition of a research team is one of the
crucial factors in generating innovative and impactful scientific work (Wang & Barabési,
2021). Several relevant studies have been conducted in team science, the discipline that
investigates how scientific teams form, communicate, collaborate, and produce knowl-
edge (Stokols et al., 2008). Many of these studies focused, in particular, on the different
dimensions of diversity, such as nationality (Smith et al., 2014), ethnicity (AlShebli et al.,
2018; Freeman & Huang, 2015), institutions (Jones et al., 2008), gender (Nielsen et al.,
2017), academic age (Jones & Weinberg, 2011), disciplinary backgrounds (Uzzi et al.,
2013), and team size (Wu et al., 2019), highlighting their influence on scientific outcomes.
Nathan et al. (Nathan & Lee, 2013) conclude that diversity fosters the inclusion of differ-
ent perspectives and approaches, leading to novel and creative solutions for complex and
multifaceted problems.

One aspect that received less attention is the diversity of expertise within research
teams, i.e., the variety of skills and scientific backgrounds among team members. Indeed,
only a limited number of studies have examined the relationship between expertise diver-
sity and research impact (Lungeanu et al., 2023; Mishra et al., 2025; Zheng et al., 2022).
This scarcity is likely due to the challenges involved in accurately measuring individual
expertise and the limitations of existing academic data in capturing nuanced specialisa-
tions. Moreover, the available studies often focus on specific domains such as biomedi-
cine (Mishra et al., 2025), or rely on overly simplistic methods to characterise authors’
expertise (Lungeanu et al., 2023; Zheng et al., 2022).

Nevertheless, in recent years, there has been an increasing focus in the academic com-
munity, including funding agencies and governmental bodies, towards recognising the
importance of interdisciplinary approaches and collaborations across various scientific
domains (Cooke et al., 2020; Olechnicka et al., 2019). This emphasis is particularly vital
for tackling multifaceted societal challenges that require the integration of insights from
diverse fields, such as climate change, health issues, poverty, and social inequality (for
Economic Co-operation & Development, 2020). Consequently, it has become imperative to
comprehend and measure the impact of diversity in expertise within research teams.

In this paper, we present a scientometric analysis that investigates the relationship
between the diversity of expertise within authoring teams and their scientific impact. To
this purpose, we employ Al-driven techniques to measure the team’s diversity of expertise
and examine its correlation with the citations their publications receive over the subsequent
five years.

We characterised each researcher’s expertise as the distribution of the 10 most promi-
nent research topics in their publications from the five years preceding their collaboration.
We then calculated the pairwise cosine similarity between all pairs of authors within each
paper. For example, authors with identical research focuses would have a similarity score
of 1, while those with completely divergent expertise would score 0. Finally, we assessed
the diversity of expertise within each paper using two metrics: (i) the maximum cosine dis-
tance between any pair of authors, and (ii) the number of connected components formed by
linking authors with a similarity above a specified threshold.

The research topics for each paper were identified using the CSO Classifier, a tool we
previously developed to associate textual content with topics from the Computer Science
Ontology (CSO) (Salatino et al., 2019). CSO is a large-scale ontology which covers 14K
research topics. It offers a more fine-grained representation compared to the generic ones
provided by well-known scholarly corpora including OpenAlex. As a result, it has been
effectively utilised for exploring and analysing scholarly data (Loffler et al., 2020; Wahle
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et al., 2023; Zhang et al., 2021), as well as for modelling, identifying, and recommending
domain experts (Konstantinidis et al., 2022; Rahdari et al., 2021; Vergoulis et al., 2020).

The findings of our study reveal a significant correlation between the two diversity met-
rics and citation counts of the relevant papers over a five-year period. Specifically, research
articles authored by teams with diverse skill sets and expertise tend to achieve a greater
impact than those produced by more homogeneous teams. We also conducted an in-depth
analysis to identify specific collaboration patterns between research areas that produce the
most impactful work. For instance, the most productive three-way collaboration during the
period under analysis was between authors specialising in artificial intelligence, data min-
ing, and the internet.

To assess the robustness of our findings, we also conducted a multivariate negative
binomial regression analysis in which the 5-year citation count is predicted by our diversity
metrics, while adjusting for publication year, team size, and authors’ seniority. The results
indicate a statistically significant positive association between diversity of expertise and
citation impact, which remains robust after controlling for potential confounding factors.

A preliminary version of this analysis was presented at the 27th International Confer-
ence on Science, Technology and Innovation Indicators, also known as STI 2023 (Salatino
et al., 2023). The present manuscript builds upon this previous work by utilising a substan-
tially larger dataset, expanding from 114K to 944K papers, covering a broader time span,
and presenting additional statistical tests.

In summary, the contributions of this paper are the following:

e the development of two novel metrics to quantify the diversity of expertise within
research teams;

e a comprehensive analysis of how the diversity of expertise within research teams influ-
ences their research outcomes, based on an extensive dataset of 944K papers;

e an investigation into the combinations of topics that were most conducive to successful
collaborations during 2005-2015;

e the release of the complete codebase used in the experiments, facilitating replication
and further enhancement of the analysis by other researchers.

The remainder of the paper is organised as follows. Section 2 provides an overview of
the relevant literature. Section 3 describes the dataset used in this study and outlines the
research methodology. Section 4 presents the findings and provides a discussion of the
results. Sect. 5 discusses the significance of the contributions and outlines the limitations.
The paper concludes with Sect. 6, which summarises the key outcomes and suggests ave-
nues for future research.

Literature Review

Diversity of research team has been analysed across several dimensions in the literature,
including nationality (Smith et al., 2014), ethnicity (AlShebli et al., 2018; Freeman &
Huang, 2015), institutions (Jones et al., 2008), gender (Nielsen et al., 2017), academic
age (Jones & Weinberg, 2011), disciplinary backgrounds (Uzzi et al., 2013), and team
size (Wu et al., 2019). All these studies concur that more diverse research teams often
demonstrate higher productivity in terms of number of publications, or impact as number
of citations received over a period of time.
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With regard to nationality, Smith et al. (2014) found that international collaborations
can increase the quality and visibility of scientific works, positively influencing citation
performance.

Ethnic diversity was analysed by Freeman and Huang (Freeman & Huang, 2014), find-
ing that papers authored by four or five authors of diverse ethnicities receive more citations
than those authored by individuals of the same ethnicity. In a follow-up experiment (Free-
man & Huang, 2015), the same authors discovered that publications with authors of dif-
ferent ethnic backgrounds and from various geographical locations, alongside longer ref-
erence lists, are more likely to be accepted in higher impact journals and receive more
citations. Similarly, AlShebli et al. (2018) examined combined effects of diversity (e.g.,
ethnicity, gender, academic age, and affiliations) on research impact. They revealed that
ethnicity is the most significant factor, associated with an impact gain of 10.63%.

Collaborating with someone from another institution is typically associated with higher
impact and productivity (Freeman & Huang, 2015; Jones et al., 2008; Whitfield, 2008), as
it allows for the exchange of diverse perspectives, know-how, and resources. Indeed, Jones
et al. (2008) showed that in all fields of science, engineering, and social science, multi-
university research teams obtained a higher citation impact on their papers. De Sai-Pérez
et al. (2017) examined the effects of institutional diversity, alongside educational, senior-
ity, and role. They found that teams with more institutional or seniority diversity achieved
higher performance in terms of published articles. However, this effect was weaker for role
and educational diversity.

Team size is another factor influencing research impact and productivity. Research
by Cummings et al. (2013) revealed a positive correlation between the size of research
groups and their publication output. Wuchty et al. (2007) further supported this finding
by analysing a vast dataset of publications and patents, showing that team-authored work
received more citations than solo-authored work. A more recent study by Wu et al. (2019)
found that while smaller teams may work on less popular yet potentially disruptive ideas
with delayed recognition, larger teams tend to focus on more popular ideas with quicker
citation impact.

Gender diversity in research teams has been widely recognised as a key factor for scien-
tific excellence and innovation, as it can enrich the perspectives, questions, and domains of
the researchers (Biermann, 2023; Bozeman & Gaughan, 2011; Nielsen et al., 2017, 2018;
Yang et al., 2022). Bozeman and Gaughan (2011) suggest that promoting gender diversity
in research collaborations can lead to higher impact, as women’s collaboration patterns and
strategies can bring unique perspectives and approaches to research. Yang et al. (2022)
investigated the effects of mixed-gender research teams across the medical science. They
discovered that the publications of mixed-gender teams are substantially more novel and
impactful than those of same-gender teams of equivalent size.

Disciplinary diversity has a complex relationship with citation rates and research
impact, depending on the field and timeframe considered. Lariviere and Gingras (2010)
observed that interdisciplinary was positively correlated with citation rates in biology, clin-
ical medicine, humanities, psychology, and health (social sciences), but negatively corre-
lated with citation rates in physics, earth and space sciences, and professional fields. How-
ever, this analysis considers articles published in 2000, which may not be representative of
current trends in interdisciplinary and scientific impact. Instead, Zheng et al. (2022) found
out that teams with greater disciplinary diversity enjoy a high impact of their work after 10
years, and non significant impact after 5 years.

Although the relationship between team diversity and research impact has been exten-
sively studied across several dimensions, understanding how the diversity of expertise
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among team members influences citation impact has received less attention. This is pri-
marily due to the inherent difficulties in accurately measuring the researcher’s expertise,
as well as the inability of current academic datasets to capture this kind of specialisation.
Despite this challenge, we identified a few key studies that produced some initial results
in this space (Li & Zheng, 2025; Lungeanu et al., 2023; Mishra et al., 2025; Nandy et al.,
2024). Lungeanu et al. (2023) investigated a research question closely related to ours,
although their analysis focused on innovation as evidenced by patents rather than by
research publications. They conceptualised the inventor’s expertise as a 300-dimensional
vector, derived by averaging the Doc2Vec embeddings extracted from their previous pat-
ents. Subsequently, they used pairwise similarities to identify diverse inventor pairs. While
insightful, we identify two primary limitations in their methodology, both stemming from
their approach to modelling inventor expertise. First, the fields of expertise are not explic-
itly defined but are instead represented implicitly through embedding. Second, the practice
of averaging all Doc2Vec embeddings from the inventor’s prior patents could potentially
lead to a loss of information, especially when compressing long documents into a single
fixed-length vector.

Li and Zheng (2025) observed that teams with diverse expertise tend to produce more
original work, which often results in a significantly greater long-term impact, still evi-
dent even after a decade. Their experiment has been conducted on research papers and
patents from Microsoft Academic Graph (MAG). However, their methodology for model-
ling author expertise relies solely on 292 “level 1” MAG’s Fields of Study. Nandy et al.
(2024) analysed the diversity of expertise at the institutional level in order to evaluate the
diversity of their research portfolios. In this context, they employed Web of Science as a
dataset and considered its 254 categories to model the authors’ expertise. In contrast, our
approach leverages CSO, which encompasses over 14K research concepts, offering a far
more granular and comprehensive representation of expertise. In the field of biomedicine,
Mishra et al. (2025) conducted a study comparable in both scale and setting to ours. They
modelled authors’ expertise by aggregating the most frequent MeSH (Medical Subject
Headings) terms from their prior publications. In contrast, our analysis focuses on the field
of computer science, and crucially, our method for identifying expertise involves selecting
the most relevant topics, capturing a more central and fine-grained author’s specialisation,
rather than merely the most frequent ones.

Materials and Methods

In this section, we describe the dataset employed for our analysis and the methodology
adopted to assess the diversity of expertise and its impact.

AIDA Knowledge Graph

As main data source, we used the Academia/Industry DynAmics Knowledge Graph (AIDA
KG) (Angioni et al., 2021), which is a large-scale knowledge base that describes 25 mil-
lion publications in the field of Computer Science. We generated AIDA KG by applying an
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automatic pipeline that integrates data from several sources, such as OpenAlex,! DBLP,?
CSO (Salatino et al., 2018), Research Organization Registry® (ROR), and DBpedia.* AIDA
KG offers a diverse range of metadata associated with seven key entities: papers, authors,
affiliations, journals, conferences, topics, and industrial sectors. This rich metadata can be
leveraged to enhance various types of scientometric analyses (Angioni et al., 2022; Sala-
tino et al., 2020). For a comprehensive overview of this resource, we direct the reader to
Angioni et al. (2021).

We classified all documents in the AIDA Knowledge Graph (KG) using the CSO Clas-
sifier (Salatino et al., 2019), a tool we developed to identify topics from the CSO (Sala-
tino et al., 2018) based on a research paper’s title and abstract. CSO is the most extensive
knowledge organization system in the field of Computer Science (Salatino et al., 2025),
featuring over 14K research topics. It provides a highly granular representation of the
domain, spanning 13 hierarchical levels. Each topic is also linked to a set of alternative
labels that assist both human annotators and automated systems in classifying and organis-
ing scholarly documents. These features make CSO a powerful tool for exploring and ana-
lysing scholarly data (Loffler et al., 2020; Wahle et al., 2023; Zhang et al., 2021) as well as
for modelling, identifying, and recommending domain experts (Konstantinidis et al., 2022;
Rahdari et al., 2021; Vergoulis et al., 2020).

The CSO Classifier implements an unsupervised classifier that operates through three
modules. The first is the syntactic module, which identifies topics explicitly mentioned in
the text by matching word sequences (unigrams, bigrams, and trigrams) to labels in the
CSO ontology using Levenshtein similarity. Next, the semantic module employs a pre-
trained Word2Vec model (Mikolov et al., 2013) to discover semantically related topics.
It first identifies candidate terms based on part-of-speech tagging and then measures their
cosine similarity to CSO labels using word embeddings. Finally, the post-processing mod-
ule enhances the resulting topics with higher-level topics from the CSO hierarchy to pro-
vide a more comprehensive topical representation of the paper. For further details on the
CSO Classifier and a comprehensive evaluation of its performance, we refer the reader
to Salatino et al. (2019). Since its release, the CSO Classifier has attracted increasing atten-
tion. For example, the Springer Nature editorial team routinely employs it to classify pro-
ceedings books and enhance the quality of their metadata (Salatino et al., 2019). Other
applications include the classification of research software (Ciuciu-Kiss, 2022), YouTube
videos (Ajwani & Arolkar, 2021), press releases (El Ghosh et al., 2022), job advertise-
ments (Derksen & Dorpinghaus, 2023), and collections in IT museums (Djambian et al.,
2024). Table 1 presents an exemplary paper (Donahue et al., 2017) and the relevant topics
extracted using the CSO Classifier.

AIDA KG follows the Resource Description Framework (RDF) standard® and is avail-
able for download as a data dump or for querying through a triplestore at https://aida.kmi.
open.ac.uk/sparql/. The ontological schema upon which AIDA KG is built is available at
https://w3id.org/aida#aidaschema. It is licensed under the CC BY 4.0 license.

! OpenAlex — https://openalex.org/

2 DBLP — https://dblp.org/
3 Research Organization Registry — https:/ror.org/
4 DBpedia — https://www.dbpedia.org/

3> RDF Standard (World Wide Web Consortium (W3C)) — https://www.w3.org/TR/rdf-concepts/
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Table 1 Example of classified paper (Donahue et al., 2017) with the CSO Classifier. Topics are organised
from the most specific to the most general within the CSO hierarchy

Title Long-term recurrent convolutional networks for visual recognition and description

Abstract Models based on deep convolutional networks have dominated recent image interpretation tasks;
we investigate whether models which are also recurrent, or "temporally deep”, are effective for
tasks involving sequences, visual and otherwise. We develop a novel recurrent convolutional
architecture suitable for large-scale visual learning which is end-to-end trainable, and demon-
strate the value of these models on benchmark video recognition tasks, image description and
retrieval problems, and video narration challenges. In contrast to current models which assume
a fixed spatio-temporal receptive field or simple temporal averaging for sequential processing,
recurrent convolutional models are "doubly deep"” in that they can be compositional in spatial
and temporal "layers". Such models may have advantages when target concepts are complex
and/or training data are limited. Learning long-term dependencies is possible when nonlineari-
ties are incorporated into the network state updates. Long-term RNN models are appealing in
that they directly can map variable-length inputs (e.g., video frames) to variable length outputs
(e.g., natural language text) and can model complex temporal dynamics; yet they can be opti-
mized with backpropagation. Our recurrent long-term models are directly connected to modern
visual convnet models and can be jointly trained to simultaneously learn temporal dynamics
and convolutional perceptual representations. Our results show such models have distinct
advantages over state-of-the-art models for recognition or generation which are separately
defined and/or optimized.

Topics  recurrent neural networks, backpropagation algorithm, stochastic processes, video streams,
natural language text, natural languages, correlation analysis, network architecture, structural
frames, neural networks, probability, video streaming, natural language processing, linguistics,
semantics, mathematics, computer networks, computer science
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Fig. 1 Distribution of the publications under analysis across the years

Data Selection

In this study, we selected research publications from AIDA KG based on five key crite-
ria: they were published between 2005 and 2015; they were published either in academic
journals or conference proceedings; they received at least two citations within five years
of publication; they were co-authored by at least two individuals; every author had at least
one article in the five years preceding the publication under analysis. In practice, since it
was not possible to code all of these conditions in a single query, we proceeded with the
following steps. We first selected all papers (~ 3.1M) within the period 2005-15 (crit. i),
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and published in journals and conferences (crit. ii). We then removed the ones that did not
meet the criteria iii, iv, and v. The final dataset contains 944,508 research papers.

Figure 1 reports the distribution of these papers, showing the typical upward trend of
scientific publishing (Bornmann & Mutz, 2015).

The rationale for the selection criteria is as follows. The first criterion established a con-
sistent time frame to allow for fair comparisons among papers. The second one recognised
journals and conference proceedings as primary and reputable platforms for scholarly com-
munication. The third criterion aimed to exclude editorial notes and technical documents
that are occasionally published but seldom cited. The fourth one ensured the inclusion of
collaborative research efforts, reflecting team-based scientific inquiries. Finally, the fifth
criterion was necessary for characterising the areas of expertise of the authors at the time
of the publication.

The impact of each publication was assessed by counting the number of citations
it received within five years following its publication date. For instance, the impact of a
paper published in 2010 was determined by the citations it had accumulated by 2015. This
approach enables an equitable comparison of articles published across different years and
aligns with established practices in the literature (AlShebli et al., 2018; Zheng et al., 2022),
which frequently utilise a 5-year citation window to assess impact. To discretise the impact
for the purpose of our analysis, we categorised the papers into 10 distinct buckets accord-
ing to their accumulated citations over a five-year period. Table 2 reports the buckets of
papers with their frequencies, corresponding citation ranges, and the median of citations
for each group.

Assessing Author Expertise

In this study, we characterise the expertise of an author at the time of a publication as
the set of the most relevant research topics present in their articles over the five previ-
ous years. Figure 2 exemplifies this process. One major challenge in this space is author
name disambiguation (Abramo & D’Angelo, 2023; Cappelli et al., 2024), which is the
ability of bibliographic databases to reconcile variations of the same author’s name (e.g.,
“Angelo Salatino” vs. “Angelo A. Salatino” or “A. Salatino”) and to distinguish between
different authors with identical names. AIDA KG directly imports authors and their paper

Table 2 Groups of papers

X LB Group Citation ranges (c) Citation median # Papers
according to the citation ranges identifier

A 2<c<5 3 314,563
B 5<c< 10 6 247,540
C 10<c< 15 12 119,701
D 15<c¢<20 17 69,291
E 20<c <30 24 74,551
F 30<c<40 34 38,424
G 40<c <50 44 22,220
H 50<c < 100 64 38,994
I 100<c < 150 118 9,782
J c>150 226 9,442
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Fig.2 Workflow for the extraction of authors’ expertise starting from a given paper

associations from OpenAlex, hence we rely on OpenAlex’s established capabilities for
author name disambiguation.’

To determine the expertise of all authors in the selected sample of publications, we
undertook the following steps. First, we extracted data on 4.4 million authors from the
944K papers. For each author within a publication, we extracted their research publica-
tions in the 5 years prior to the time of collaboration. We then computed the normalised
distribution of their CSO topics by counting the number of times each topic appeared in
these articles and divided them by the total number of articles. Next, we calculated the
difference between the normalised topic distribution for the specific author and the overall
distribution across the entire Computer Science domain. This approach, as recommended
in Angioni et al. (2021), allows us to filter out the common topics that constitute the back-
ground noise within the field of Computer Science, thereby highlighting the topics that
are more relevant to the author in question. For example, if the topic “Machine Learning”
appears in 70% of an author’s publications, but only in 30% of general Computer Science
papers, this topic would have a 40% relevance score for that author. Conversely, if 50% of
the author’s papers focus on “Semantic Web”, a topic present in only 0.3% of all Computer
Science papers, the relevance score for this topic would be 49.7%.

In this analysis, any CSO topic is utilised to represent the author’s expertise. Although
CSO is a hierarchical and fine-grained knowledge organization system (Salatino et al.,
2025), with research topics distributed over 13 levels, we found that the three most com-
mon depths are levels 3, 4, and 5, including topics like “wireless communication”, “interac-
tive learning environments”, “peer to peer networks”. Additionally, CSO groups semanti-
cally similar topics into clusters of related terms, such as “peer to peer networks” and “peer
to peer”. To avoid redundancy in the representation of an author’s expertise, we consider
only one representative topic from each cluster (i.e., the preferred label). This approach

6 Author disambiguation in OpenAlex - https://help.openalex.org/hc/en-us/articles/24347048891543-
Author-disambiguation
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ensures that the topics used to model authors are all semantically distinct, preventing the
inclusion of multiple topics with identical or closely related meanings.

Finally, we represent the author’s expertise as a list of the 10 topics with the highest
scores, which we will refer to as the top-10 topics. We performed a sensitivity analysis by
testing other values between 5 and 20, but the overall results were very similar.

Since a researcher may contribute to multiple papers over time, each instance of their
authorship is treated independently. Consequently, our analysis takes also into account that
their associated expertise may change over time.

Assessing Expertise Diversity within a Team

We evaluated the diversity of expertise within a research team using two metrics: 1) the
maximum pairwise cosine distance between the authors’ expertise, and 2) the number of
sub-teams with distinct areas of expertise.

At this stage, it is crucial to differentiate between group-level dynamics and team-level
dynamics. Group-level dynamics refer to the broader research group, which often includes
multiple teams, is hierarchically structured, and simultaneously pursues various research
agendas (Wagner, 2009). In contrast, team-level dynamics describe a co-authoring team
focused on a specific research agenda, which may be part of or overlap with the larger
group (Wagner et al., 2019). For this manuscript, our focus is on team-level dynamics
because our data source identifies individual authors of research papers. Here follows a
detailed description of the two metrics.

Maximum Cosine Distance Given a research paper, we measure the cosine distance
between all couples of authors, considering their top 10 topics. The cosine distance is
the complement of the cosine similarity and ranges from O to 1. A high cosine distance
between authors signals they have fewer topics in common. Contrariwise, the lower the
cosine distance (tending to zero), the more similar the set of topics associated with the two
compared authors.

To apply cosine distance to the top-10 topic arrays of two authors, we transform them
using one-hot encoding. This involves identifying all unique topics from both authors, and
creating new arrays where each position corresponds to a specific topic and is marked with
a 1 if the author has that expertise, otherwise 0.

This process produces a set of cosine distances for the (NX(N-1))/2 possible pairs of
authors. Our first diversity metric is defined as the maximum value within this set. Specifi-
cally, a maximum cosine distance of O indicates that all authors within the research team
possess identical expertise, while a maximum cosine distance of 1 suggests the presence
of at least one author whose areas of expertise are entirely distinct from the others. Our
approach aligns with the work of Lungeanu et al. (2023), who also analysed the maximum
pairwise distance, reflecting the extent to which a team comprises at least two individuals
with diverse expertise.

In formal terms, given the N authors of a research paper, we perform the pairwise author
comparison (a; and ;). Let U;; = T; U T; be the union of topics for authors a; and a;. We
then create one-hot encoded vectors, v; and Vjs for authors a; and a; respectively, based on
the topics in U, ;. The dimension of these vectors is |U, ;|. For each topic #, € U, ;:

o v[k]l=1ift, € T, else v;[k] =
o vkl =1ifz, € T}, else v;[k] =
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We compute the cosine distance between two authors a; and g, as follows:

V-V
distance(v;, v;) = 1 — ——— 0

Vi
villiv i

whereas, the maximum cosine distance (D
set D:

nax)» 18 defined as the maximum value within the

D = max{distance(v;,v;) | 1 <i<j <N} )

We also explored alternative indicators based on this set of cosine distances, such as the
mean, skewness, and kurtosis. However, these metrics proved fragile, often yielding very
different values for research teams that we would consider very similar in terms of diver-
sity. For example, consider a research team of two authors: one in Artificial Intelligence
and the other in Software Engineering. This team would likely exhibit a high average
cosine distance (e.g., ~1), indicating significant differences in their areas of expertise. If
the team were expanded to include three authors from Artificial Intelligence and three from
Software Engineering, the average cosine distance would decrease significantly (e.g., ~
0.6), reflecting greater overall similarity among the team members’ fields. Consequently,
two teams with the same breadth of expertise, one component focusing on Artificial Intel-
ligence and the other on Software Engineering, would receive substantially different scores
when using the average cosine distance. Using the maximum cosine distance resolves this
issue by offering a more robust metric that accurately captures the degree of difference
between the most distinct components.

Number of sub-teams As a second diversity metric, we measure the number of sub-
teams exhibiting similar expertise. This is achieved using a graph-based approach that
clusters authors based on their research expertise. In this context, a higher number of sub-
teams indicates greater diversity.

Specifically, for each scientific article, we created an authorship graph G = (V, E), with
V being the nodes representing authors and E being the edges connecting pairs of authors
with similar expertise. We connected pairs of authors only if their cosine similarity is
above or equal to a threshold 6.

More formally:

{a;,0;} € E < similarity(v;,v;) 2 6 (3)

We empirically set this threshold 6 to 0.7 as it typically indicates a high degree of similar-
ity between two vectors.

We analyse the resulting graph, and we extract the number of connected compo-
nents, i.e., the set of authors that are connected to each other by a path because of similar
expertise.

The number of connected components can span from 1 (i.e., high cohesion between
authors as they share similar expertise) to the total number of authors (i.e., the network
is fragmented, implying a highly diverse pool of authors). For instance, the two examples
within the previous section featuring a teams of authors from Artificial Intelligence and
Software Engineering will both form 2 sub-teams.

Finally, we evaluate the diversity of a research paper based on the number of compo-
nents within the authoring team, categorising it as follows: i) low diversity for teams with 1
or 2 components, ii) moderate diversity for teams with 3 or 4 components, iii) high diver-
sity for teams with 5 or 6 components, and iv) very high diversity for teams with 7 to 10
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components, with 10 being the maximum number of components identified in our dataset.
Figure 3 presents an example of an authorship network with seven authors and three sub-
teams, demonstrating a moderate level of diversity.

Investigating the Relationship Between Diversity of Expertise and Citations

To explore the relationship between the diversity of expertise within a team and the num-
ber of citations accumulated over five years, we analysed how the values of two expertise
diversity metrics were distributed across the ten citation buckets defined in Table 2.
Specifically, we employed the chi-square test to assess the differences between the two
variables. We also employed the Pearson linear correlation coefficient (r) to measure the
relatedness of the two continuous variables. In both tests, we considered a p-value (p) of
less than 0.05 for statistical significance. Additionally, to validate our findings at the indi-
vidual paper level and to mitigate potential biases arising from group-level aggregation, we
conducted a multivariate analysis using a Negative Binomial Regression model (McCul-
lagh, 2019). This specific type of generalised linear model estimates the expected output
(i.e., number of citations) as a function of multiple independent predictors. This approach
allows us to control for key confounding variables, namely team size, publication year, and
author experience, measured as years of research activity. By controlling for differences
in team seniority and size, the analysis isolates the role played by diversity of expertise,
thereby strengthening the conclusions regarding its association with scientific impact.

Results

We dedicate this section to presenting and analysing our results.

internet, query languages, distributed
systems, data mining, query

computer systems, social media, wide web, parallel processing
social networks, twitter, software systems, search engines, distributed
quality, fault tolerance, fault-tolerant, computer systems

stream data

internet, micro-blog, big data, social media, world
wide web, social networks, twitter, facebook, fault-
tolerant, stream data

Fig.3 An example of authorship network organised in sub-team using cosine distance on their expertise.
We identified 3 sub-teams classifying it as moderately diverse
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Max Cosine Distance Between Authors

Figure 4 illustrates the distributions of maximum cosine distances for all groups (A-J)),
revealing a consistent pattern: a dominant mode at 1 and a secondary mode at 0. For exam-
ple, Group A contains approximately 120K papers with a maximum cosine distance of
1 and roughly 10K with a maximum cosine distance of 0. Notably, the frequency distri-
butions for values greater than O and less than 1 exhibit remarkable similarity across the
groups.

Given these characteristics, we focused our analysis on the frequency of O s and 1 s
within each group. These values represent the cases where the authors either share the
same expertise (a score of 0) or where at least one author specialises in entirely different
areas (a score of 1).

Table 3 presents the frequency of 0 and 1 scores, along with their corresponding ratio
(#1/#0). A higher ratio indicates that a specific bucket is associated with a greater number
of 1 s relative to 0 s, which, in turn, reflects a higher diversity of expertise.

100k

50k

80k
60k
40k
20k

40k
30k
20k

10k

o
0 0.5 0 0.5 0 0.5 1
D E F
20k 20k 10k
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% 0.5 % 0.5 % 0.5 1
G H I
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3000
6000 10k
4000 2000
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2000 1000
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]
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% 0.5 1

Fig.4 Distributions of maximum values found within the various groups. The x-axis represents the maxi-
mum cosine value, and the y-axis indicates the number of papers (frequency) at each value
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Table 3 Frequencies of research

papers with zeros and ones Gr #0 # #1/0
Zﬁraeteilsna;cross the ranges of A 7,610 119,707 15.73
B 3,933 93,219 23.70
C 1,392 44,262 31.79
D 735 25,364 34.50
E 632 27,018 42.75
F 279 13,741 49.25
G 132 7,935 60.11
H 204 13,907 68.17
1 56 3,593 64.16
J 37 3,394 91.73

Figure 5 illustrates the relationship between the #1/#0 ratio for each group and the
group’s median citation count (refer to Table 2). We can notice a strong positive linear cor-
relation between these two variables, with a Pearson correlation coefficient r=0.883 and
p-value p=0.0007. This supports the hypothesis that greater diversity in expertise is associ-
ated with increased citations and higher research impact.

Number of Components in the Author Graph

Table 4 presents the percentages of papers with low, moderate, high, and very high diver-
sity across the 10 groups. The median number of citations is negatively correlated with
the percentage of papers with low diversity (r=—0.817, p=0.003) and positively correlated
with the percentage of papers with high diversity (r=0.918, p<0.0001).

100 r=0.883
90
80

70

#1/#0

50 a

40

30

20

0 50 100 150 200
Citation Median

Fig.5 The #1/#0 ratios scattered against the citations medians
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Fig.6 The ratios ((very high + high)/low) of components scattered against the citations medians
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Fig. 7 Difference in the ratio of the four categories of diversity between B-J and A
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Table 4 also reports the ratio of papers with high or very high diversity to those with
low diversity ((very high + high)/low). Similar to the #1/#0 ratio, this metric can be used
to assess the overall diversity of expertise. Figure 6 illustrates the relationship between this
ratio and the median number of citations. Once again, these variables exhibit a strong posi-
tive linear correlation (r = 0.928, p < 0.0001). Indeed, only 2.8% of papers with fewer than
five citations (Group A) demonstrate high or very high diversity (see Table 4), while nearly
9% of papers with more than 150 citations (Group J) exhibit high or very high diversity.

To further validate the significant impact of diversity on citation counts, we conducted
a chi-square test to compare the distribution of four diversity levels (low, moderate, high,
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Table 4 Percentages of papers with low, moderate, high, and very high diversity

Group Low (%) Moderate (%) High (%) Very high (%) (very high + high)/low
(%)
A 65.18 32.00 2.60 0.23 4.34
B 62.77 33.77 3.14 0.32 5.52
C 61.17 34.68 3.72 0.44 6.79
D 60.07 35.44 4.02 0.48 7.48
E 59.01 36.12 4.37 0.50 8.26
F 58.09 36.57 4.80 0.54 9.19
G 58.06 36.20 5.11 0.62 9.87
H 56.29 37.22 5.69 0.80 11.53
I 54.92 37.63 6.37 1.08 13.57
J 53.71 37.57 7.24 1.48 16.25
ALL 62.13 33.99 3.49 0.39 6.23
100 . e #1/#0
: . ® . > . e (Very High + High)/Low
3 2 . ‘

s 3 .

o X 10
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Fig.8 Scatter plot displaying the similarities between #1 /#0 (blue dots) and ((very high + high)/low) in red
dots, based on the median values of citation ranges. The y axis is in logarithmic scale

and very high) between each part of adjacent citation groups i and i+/. For instance, we
compared group A with group B, group B with group C, and so forth. In all comparisons,
the distributions were found to be significantly different (p<0.0001). We also observed that
the distribution of group A is significantly different from the remaining distributions (B-J)
combined (p<0.0001), and A-B combined are significantly different from C-J (p<0.0001).

Figure 7 illustrates the variation in the distribution of diversity categories across groups
B to J, compared to group A. For each group, we calculated the percentage of papers within
each diversity category (low, moderate, high, and very high) and analysed how these pro-
portions differ relative to group A. For example, Group J, which includes the highest-
impact papers, shows a higher proportion of moderate (5.6%), high (4.6%), and very high
(1.3%) diversity papers, alongside a notably lower proportion (—11.5%) of low-diversity
papers compared to Group A, which represents the least-cited papers. This trend is consist-
ent across other groups (B to I), further emphasising the differences in diversity category
distributions relative to Group A.
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Relation Between Max Values and Numbers of Components

We analysed the correlation between the two metrics used for measuring diversity in the
previous section, i.e. the ratio of papers with ones and zeros (#1/#0, last column of Table 3)
and the ratio of papers with high diversity against low diversity ((very high + high)/low,
last column of Table 4). Figure 8 illustrates the distribution of these two scores, depicted
in blue and red, respectively, as a function of the median values of citation ranges. Despite
differences in scale, both distributions demonstrate a high degree of similarity, with a Pear-
son correlation coefficient of 0.975.

In conclusion, the results derived from employing the four categories of diversity align
closely with those obtained using the maximum cosine similarity approach. In both cases,
the diversity metric demonstrates a strong and significant correlation with the number of
citations received over a five-year period.

Multivariate Analysis

To validate the robustness of our findings at the individual paper level, we conducted a
multivariate negative binomial regression analysis (McCullagh, 2019) (see Table 5). This
model predicts the 5-year citation count based on our diversity metrics while simultane-
ously controlling for publication year, team size, and authors’ seniority. The latter is opera-
tionalised as academic age, capturing experience through three dimensions: the total and
average activity of all authors in the team, and the maximum academic age accounting for
the experience level of the most senior member.

The regression results confirm a statistically significant positive relationship between
diversity of expertise and scientific impact, even when adjusting for these confounding
factors. Specifically, the maximum cosine distance (#1 in Table 5) displayed a strong
positive coefficient (f = 0.1547,p < 0.001), suggesting that teams with highly diver-
gent expertise profiles achieve notably higher citation rates. Similarly, the number of dis-
tinct sub-teams (#2) was positively associated with impact (f = 0.0198,p < 0.001). As
expected, the number of authors (#4) also yielded a positive and significant coefficient
(f =0.0207,p < 0.001). The latter finding is consistent with extensive bibliometric litera-
ture indicating that larger teams generally produce higher-impact work due to increased
labour capacity and broader dissemination networks (AlShebli et al., 2018; Cummings
et al., 2013; Wuchty et al., 2007; Wu et al., 2019). Crucially, these effects persist even when

Table 5 Results of the multivariate negative binomial regression analysis. f coef represents the estimated
regression coefficient; Std err indicates the standard error of the estimate; z denotes the Wald z-statistic;
P > |z| represents the two-tailed p-value testing for statistical significance

# Variable P coef Std err z P>zl

1 Max diversity 0.1547 0.011 14.189 < 0.001
2 Number of components 0.0198 0.003 6.089 < 0.001
3 Publication Year -0.0045 0.000 -10.95 < 0.001
4 Team Size 0.0207 0.002 10.494 < 0.001
5 Total academic age of the team 0.0006 0.000 9.837 < 0.001
6 Average academic age of the team 0.0019 0.000 9.555 < 0.001
7 Ac. age of the most senior member -0.0008 0.000 -8.99 < 0.001
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controlling for the team’s experience, measured as aggregate (#5), average (#6), and maxi-
mum (#7) years of activity. These indicators showed a statistically significant yet practi-
cally negligible effect (—0.0008 < f < 0.0019, p < 0.001). A similar pattern was observed
for publication year (#3), which also showed a minimal effect size. This suggests that the
diversity of expertise, as formalised in this paper, constitutes a distinct phenomenon that
provides value beyond publication timing, authors’ seniority or cumulative activity.

Analysis on the Most Successful Collaborations

We expanded our investigation to examine the impact of specific combinations of expertise.
The goal was to identify which combinations were most successful during the period under
analysis. Our study focused on collaborations between authors, either in pairs (dyads) or
groups of three (triads), from different subfields within Computer Science.

For this analysis, we focused on 14 main disciplines within Computer Science, namely
data mining, computer networks, human computer interaction, computer aided design,
software engineering, information technology, computer security, robotics, computer
imaging and vision, internet, information retrieval, bioinformatics, artificial intelligence,
computer hardware, and for all combinations, both as dyad and triad, we computed the
normalised cumulative number of citations.

As a first step, for each discipline d, we identified all papers whose authors have exper-
tise in such a discipline. For this, we leveraged CSO, which maps the diverse expertise
to their primary discipline. We then calculated the cumulative number of citations as
Y, cit; where cit! is the number of citations of the i-th paper.

In the same fashion, we counted the cumulative number of citations for all possible
dyads (91 in this case) and triads (364 in total) of disciplines. In particular, given a couple
of disciplines (d,, d,), we identified all papers where authorship included experts from both
disciplines, and we computed their cumulative number of citations as (Z:;l cit;i"dz), where
cit?‘ “2 are the citations of the i-th paper. For triplets, we computed the cumulative citations

. dy.dy.d . dydydy © o .
as Y, cit;">, where cit;"“* is the number of citations of the i-th paper that has at least

one different author in each discipline.

Finally, we quantify the collaborative impact achieved by a dyad or triad, as the har-
monic mean of their normalised cumulative number of citations. This calculation is for-
malised in Eq. 4 and Eq. 5, respectively.

n .dd n .dd
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Figure 9 reports a two-dimensional matrix chart displaying the combined impact
for each pair of disciplines. The entries on the main diagonal are all set to zero because
they represent the combined impact of a discipline with itself, which is not a meaningful
comparison in this context. Moreover, the chart is symmetric as x,; , = x, 4. From this
chart, we can notice that the majority of the disciplines, e.g., computer networks, human
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Fig.9 Two-dimensional matrix chart displaying the impact that each pair of disciplines obtained in the ana-
lysed period. Brighter squares indicate high values of impact

computer interaction, software engineering, information technology, computer security,
computer imaging and vision, internet, information retrieval, artificial intelligence, and
computer hardware have been involved in collaboration efforts that led to an averaged
impact (as in Eq. 4) higher than 2.

Notably, computer networks researchers achieved an outstanding impact (~4) through
collaborations with researchers from internet, software engineering, and computer hard-
ware. For instance, they co-authored influential work with internet researchers on novel
approaches for network intrusion detection (Garcia-Teodoro et al., 2009), new encryp-
tion schemes (Canetti et al., 2007), and the implementation of secure multi-party compu-
tation (Pinkas et al., 2009). Collaborations with software engineering researchers led to
studies on the transformative potential of cloud computing in the IT industry (Armbrust
et al., 2009), as well as investigations into the architectural elements and future directions
of the Internet of Things (Gubbi et al., 2013). Finally, joint efforts with computer hardware
researchers resulted in the development of new techniques for interference alignment in
wireless networks (Cadambe & Jafar, 2008) and the application of blockchain to enhance
data protection and decentralize privacy (Zyskind et al., 2015).

Table 6 highlights the 30 most impactful dyads. Beyond the just discussed top three
interdisciplinary collaborations, several other intriguing patterns emerge. In parallel,
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Table 6 Top-30 dyads having the most impactful collaboration. Performance index is computed using Eq. 4

Dyads Impact (Eq. 4)
Computer networks, internet 4.59
Computer networks, software engineering 4414
Computer hardware, computer networks 3.972
Human computer interaction, internet 2.503
Artificial intelligence, internet 2.243
Artificial intelligence, computer security 2.228
Human computer interaction, information technology 2.148
Computer security, human computer interaction 2.104
Information retrieval, information technology 2.025
Computer imaging and vision, computer networks 1.885
Computer hardware, human computer interaction 1.62
Computer networks, computer security 1.488
Computer hardware, computer imaging and vision 1.355
Computer imaging and vision, human computer interaction 1.324
Human computer interaction, information retrieval 1.257
Computer networks, data mining 1.139
Computer security, software engineering 1.068
Computer hardware, internet 1.028
Computer networks, information retrieval 0.979
Computer aided design, computer networks 0.837
Artificial intelligence, computer imaging and vision 0.803
Computer imaging and vision, data mining 0.677
Information technology, internet 0.585
Computer hardware, data mining 0.582
Computer hardware, computer security 0.579
Computer hardware, robotics 0.483
Artificial intelligence, human computer interaction 0.444
Computer aided design, software engineering 0.425
Artificial intelligence, computer hardware 0.425
Computer security, information retrieval 0.398

separate research initiatives within artificial intelligence and human-computer interaction
fostered dynamic collaborations, producing highly influential research that has significantly
shaped the modern field of Computer Science. On this regard, notable examples include a
novel approach for human detection in pictures (Dalal & Triggs, 2005) and a presentation
of the concept and technical principles of Linked Data (Bizer et al., 2009), which laid the
groundwork for the development of Knowledge Graphs (Peng et al., 2023).

Table 7 presents the top-30 most impactful triads. The highest-impact collaboration
involves artificial intelligence, data mining, and internet, which also reflects the rise of a
new job role: data scientist (Davenport & Patil, 2012).

Other significantly impactful triads see various forms of collaborations among artificial
intelligence, computer hardware, human computer interaction, computer networks, and
computer imaging and vision. For instance, computer imaging and vision, and internet col-
laborating with artificial intelligence, in the years 2005 to 2015 led to the development of
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Table 7 Top-30 triads having the most impactful collaboration. Performance index is computed using Eq. 5

Triad Impact (Eq. 5)
Artificial intelligence, data mining, internet 1.173
Artificial intelligence, computer imaging and vision, internet 1.028
Computer imaging and vision, information retrieval, internet 0.747
Computer networks, computer security, internet 0.664
Data mining, human computer interaction, information retrieval 0.461
Artificial intelligence, computer security, data mining 0.409
Computer hardware, computer networks, internet 0.376
Computer hardware, human computer interaction, information retrieval 0.373
Computer networks, human computer interaction, information technology 0.324
Artificial intelligence, computer hardware, computer imaging and vision 0.315
Computer hardware, computer networks, human computer interaction 0.309
Artificial intelligence, computer imaging and vision, human computer interaction 0.287
Bioinformatics, computer hardware, data mining 0.28
Artificial intelligence, human computer interaction, internet 0.249
Artificial intelligence, bioinformatics, information retrieval 0.242
Computer hardware, information technology, software engineering 0.219
Computer hardware, computer imaging and vision, computer security 0.219
Artificial intelligence, computer hardware, robotics 0.208
Artificial intelligence, computer imaging and vision, robotics 0.201
Artificial intelligence, computer hardware, internet 0.196
Computer imaging and vision, human computer interaction, robotics 0.192
Computer hardware, human computer interaction, robotics 0.192
Artificial intelligence, computer hardware, human computer interaction 0.187
Artificial intelligence, human computer interaction, robotics 0.174
Computer aided design, computer hardware, software engineering 0.17
Artificial intelligence, computer hardware, computer security 0.169
Computer networks, information technology, internet 0.169
Artificial intelligence, computer networks, human computer interaction 0.166
Computer hardware, computer security, data mining 0.164
Artificial intelligence, computer imaging and vision, computer security 0.162

image recognition and classification tools (Simonyan & Zisserman, 2014), and improved
tools for face recognition (Parkhi et al., 2015). Additionally, the same two areas collab-
orating instead with information retrieval let to the development of content-based image
retrieval (Nielsen et al., 2018; Wan et al., 2014), visual search engines (Sivic & Zisser-
man, 2008), augmented reality applications (Carmigniani et al., 2011) and others. Finally,
another noteworthy collaboration consists of computer networks, computer security,
and internet, which brought to the development and consolidation of a number of proto-
cols (such as https, ssl/tls, wpa2, ssh, kerberos) to ensure security and privacy on online
communications.
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Discussion and Limitations

This study investigates how the diversity of expertise within a research team influences
its future impact within the first five years. Our theoretical contribution includes the num-
ber of sub-teams as a new graph-based diversity metric. As an additional metric, we also
incorporated the maximum cosine distance, which has also been concurrently employed by
Lungeanu et al. (2023). A key innovation lies in our explicit modelling of author’s exper-
tise. We leverage a large, granular ontology of over 14,000 research topics in Computer
Science, providing enhanced explainability and comprehension. Furthermore, our meth-
odology identifies the most relevant topics by contextualising them against the entire cor-
pus, a significant difference from less explicit embedding-based (Lungeanu et al., 2023) or
frequency-focused approaches common in the existing literature (Mishra et al., 2025).

Our findings offer several practical implications. Organisations can use these metrics to
measure and tune team diversity, perhaps by fostering collaborations or making strategic
hiring decisions. For example, a group leader could assess their team’s current diversity
and then recruit a new member to fill a knowledge gap. Similarly, funding agencies might
use these insights to prioritise highly diverse, potentially more disruptive teams, anticipat-
ing greater impact from their work.

Despite these contributions, our work presents a few limitations that should be addressed
in future research. First, this analysis focuses exclusively on the field of Computer Science.
While Mishra et al. (2025) found similar results in biomedicine, more studies are needed
across other scientific disciplines to fully understand the relationship between expertise
diversity and impact. Second, our study analyses diversity at the authoring team level. We
acknowledge that understanding dynamics at a broader research group level, which extends
beyond the immediate authoring team, could offer deeper insights into the connection
between research group composition and success. This limitation, however, stems from the
significant challenge of obtaining such meticulously curated data.

A third limitation is that we excluded papers with fewer than two citations within five
years of publication. This decision aligns with common practices in Computer Science,
where the incremental nature of scholarly dissemination makes it uncommon for rele-
vant papers to remain uncited. It is also supported by our analysis of the selected dataset,
which showed that such papers were predominantly artefacts, non-English publications,
or low-quality articles. Nevertheless, we acknowledge that in other datasets and research
fields, where different scientific practices are observed, excluding these papers may not be
appropriate.

Another limitation of our analysis is the exclusion of research papers with more than 10
authors. This decision is justified by the relative rarity of such publications in the field of
Computer Science. In AIDA KG, only 0.9% (~8K papers) of the indexed papers fall into
this category. These papers follow a power-law distribution in terms of citations, with an
average of 15.13 and a standard deviation of 24.03. In the literature, there is evidence sug-
gesting that extreme diversity may not always be beneficial. Indeed, while it may foster
creativity, it can also lead to conflict and misunderstanding (Cummings et al., 2013; Uzzi
et al., 2012). In this regard, the literature seems to agree with diversity and impact related
through an inverted U-shaped relationship: extreme homogeneity and extreme diversity
lead to low impact (@stergaard et al., 2011). Our results are consistent with the literature,
reflecting observations prior to the hypothesised inflection point. However, our 10-author
cutoff prevents us from empirically confirming the existence of this decline in impact at
extremely high levels of diversity.
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A further limitation of our methodology stems from categorising the number of sub-
teams into just four groups, which could potentially introduce bias. For instance, a two-
member team’s expertise diversity is inherently restricted to low diversity. While designing
our approach, we considered normalising the number of subgroups by the total number of
authors, opting for a ratio rather than an absolute value. However, this alternative also pre-
sented its own biases. To illustrate, consider two hypothetical teams, one with four authors
and another with eight, both featuring two subgroups. Normalisation would unfairly disad-
vantage the larger team (0.25) compared to the smaller one (0.5). Consequently, we chose
to use the absolute number of subgroups to account for team size as well. Future work
should also focus on studying different categorisation strategies.

A final limitation concerns our choice of diversity metrics. The bibliometric litera-
ture (Cassi et al., 2017; Leydesdorff & Rafols, 2011; Mugabushaka et al., 2016) commonly
employs Simpson’s diversity, True Diversity, and the Rao-Stirling index (Leydesdorft
et al., 2019). In our setting, Simpson’s diversity proved unsuitable because, in preliminary
tests, it produced a narrow range of values, typically between approximately 0.8 and 1.
This limited variability reduced its discriminative power for our analysis. In particular,
teams exhibiting high cohesion according to our measure would still be classified as highly
diverse when evaluated using Simpson’s diversity. Nevertheless, we plan to incorporate
True Diversity and the Rao-Stirling index in future work. The latter is particularly relevant
because it accounts for the semantic distance between topics, extending beyond the syntac-
tic matching of standard metrics. This perspective may enable a more accurate assessment
of the true breadth of an author’s expertise, as authors who combine cognitively distant
topics contribute more substantially to the overall diversity of the team. While exist-
ing implementations of the Rao-Stirling index’ rely on the Web of Science classification
scheme, a potential avenue for our future work involves adapting this metric to leverage the
Computer Science Ontology (Salatino et al., 2018) structure.

Conclusion and Future Work

This study investigates how the diversity of expertise within research teams influences the
impact of their publications, assessed through citation counts within five years.

To achieve this, we characterised researchers’ expertise as a set of topics extracted from
their publications using the CSO Classifier, an automated tool that identifies relevant top-
ics based on the Computer Science Ontology. We then assessed the diversity of expertise
within research teams using two complementary metrics: i) the maximum cosine distance
between the expertise vectors of the authors, and ii) the number of connected components
generated by linking authors based on a similarity threshold. The first metric evaluates
whether at least one team member possesses significantly divergent expertise compared
to the others. The second metric estimates the number of distinct sub-teams with vary-
ing expertise within the research team. Finally, we analysed which interdisciplinary col-
laborations yield the greatest impact in terms of citation performance in the period under
analysis.

The analysis presented in this paper reveals a significant and positive correlation
between both diversity metrics and the number of citations received over a five-year period
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(p<0.0007). Consequently, we conclude that, in the field of Computer Science, diversity of
expertise is a key driver of high-impact research.

As a future work, we aim to pursue multiple directions. First, we plan to explore addi-
tional dimensions of diversity in scientific research and assess how these, in combination,
correlate with future impact. Secondly, we aim to broaden our analysis to other fields of
science, such as Engineering, Materials Science, and Medicine. We have already con-
structed AIDA KG in Engineering, and are in the process of building the same knowledge
graph in Medicine. Finally, we aim to analyse the impact of diversity in expertise alongside
other relevant dimensions. Specifically, we plan to investigate the behaviour of teams from
industry, academia, and collaborative efforts that bridge these two domains. Furthermore,
we intend to examine how team engagement with open science practices, such as releasing
open resources (Kelley & Garijo, 2021), contributes to achieving a greater impact.
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