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Abstract

The rapid expansion of scienti�c literature necessitates innovative approaches

to capture and interpret the underlying structures and dynamics of research

domains. This thesis introduces novel visualization techniques tailored for the

characterization of science, aiming to develop interactive, high-dimensional

visual representations that elucidate the semantic, relational and temporal as-

pects of scienti�c knowledge. By integrating advances in deep learning, nat-

ural language processing, and graph theory with domain-speci�c metadata

from textual and citation data, the proposed methods enable the generation

of intuitive and informative visualizations. These visualizations reveal latent

patterns in interdisciplinary collaboration, the diffusion of ideas, and the evo-

lution of research topics over time. Comprehensive evaluations on large-scale

scienti�c corpora demonstrate how these visual tools can enhance our under-

standing of the knowledge landscape and support strategic decision-making

in research policy, funding allocation, and academic planning.

Github page:

https://marcomonteverde00.github.io/SciSci_Data_Visualization/
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Introduction and Motivation

Science is, by de�nition, not a static enterprise: its limits, techniques, and

communities are constantly shaped by technological advancements, societal

demands, and global issues. In recent decades, research has progressively

transitioned away from the con�nes of individual disciplines, leading to the

birth of both interdisciplinarity as a scienti�c approach and hybrid-knowledge

domains. Fields like bionformatics, nanotechnology, and arti�cial intelligence

show how scienti�c advancements can arise at the crossroads of established

�elds, where both tools and ideas are reassembled to tackle intricate prob-

lems. In this changing landscape, our methods for assessing, conveying, and

picturing science need to evolve accordingly to capture this pervasive phe-

nomenon.

The problem of adiabaticity in Science

Systems of science evaluation, such as bibliometrics, funding structures, jour-

nal rankings, or institutional assessments, often exhibit what can be called

”adiabaticity”. Borrowing the term from physics, adiabaticity here refers to

the tendency of evaluation frameworks to adjust slowly, preserving prior as-

sumptions and structures even as the underlying dynamics of science un-

dergo rapid transformation. For example, journal-based indicators still dom-

inate academic assessment despite long-standing criticism, and disciplinary

taxonomies used in bibliometric databases remain rigid, lagging behind the

emergence of new research frontiers. As a result, classic evaluation mecha-

nisms risk obscuring, rather than illuminating, the true evolution and struc-

tural changes in scienti�c knowledge.
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This issue is particularly pressing because interdisciplinarity has been rec-

ognized as a cornerstone of modern science. Complex problems like climate

change, global health crises, sustainable development, and digital transforma-

tion require solutions that no isolated discipline can provide alone. Reports

by the National Academies (Committee on Science and Public Policy, 2005)

and subsequent reviews (Wagner et al., 2011; Rafols & Meyer, 2010; Gl̈anzel &

Debackere, 2022) highlight that collaboration across disciplinary boundaries

enhances creativity, fosters methodological innovation, and increases the so-

cietal relevance of research [oSPoFIR05] [WRBÏ 11], [RM10] [GD22]. Interdis-

ciplinarity is therefore not only desirable but indispensable.

How to evaluate Interdisciplinary Science

Despite its importance, interdisciplinarity is still dif�cult to evaluate and

support. Traditional metrics such as citation counts or impact factors in

journals tend to privilege disciplinary coherence and established publication

venues. In contrast, interdisciplinary works often face longer publication

delays, smaller specialized audiences, and reduced visibility in mainstream

bibliometric databases, leading to underestimate their impact and value in

the scienti�c panorama. Several methodological advances, such as diversity

and coherence indices (Stirling, 2007; Porter et al., 2007), network-based in-

dicators (Rafols & Meyer, 2010) or composite frameworks (Cassi et al., 2014),

have been proposed to capture interdisciplinarity [Sti07] [PCRP07] [RM10]

[CMdT14]. However, despite the effort, these approaches are not systemat-

ically integrated into evaluation practices due to methodological complexity

and institutional inertia.

The mismatch between interdisciplinary science and adiabatic evaluation sys-

tems creates several tensions. First, it hampers the recognition and reward of

interdisciplinary researchers, especially early-career scholars who often take

the risk of bridging �elds. Second, it slows the diffusion of innovative meth-

ods and paradigms across disciplinary boundaries. Third, it impedes policy-

makers and funding agencies from accurately navigating research landscapes

and anticipating emerging �elds. In other words, the slowness of evaluation

systems introduces a structural bias that con�icts with the fast-paced evolu-

tion of knowledge.

10



Interdisciplinarity in the governance landscape

The European and international scene are even more urgently trying to re-

spond to this issue. The European Union, in programs like Horizon Europe,

clearly emphasizes interdisciplinarity and mission-oriented research. Major

social missions such as reaching climate neutrality, creating sustainable food

systems, and expanding digital health—require harmoniously coordinated in-

puts from engineering, natural sciences, social sciences, and humanities. Sim-

ilar trends can be found at an international level: United Nations Sustainable

Development Goals (SDGs) recommend interdisciplinary and cross-sectoral

actions, and funding agencies like the US National Science Foundation and

international counterparts support proposals whose scope spans several dis-

ciplines. However, the criteria used in funding allocations, research assess-

ment, and rating institutions often remain steeped in disciplinary boundaries.

This paradoxically creates an incompatibility: while policy discussions and

strategy documents support interdisciplinarity, systems for operational as-

sessment continue to favor products resulting from individual disciplines.

The COVID-19 pandemic presents an excellent case in point. The responses

to this emergency brought together multiple disciplines, such as epidemiol-

ogy, virology, computational modeling, data science, social behavior studies,

and policy studies. The rapid bringing together of this vast array of exper-

tise demonstrated the power of interdisciplinary work. At the same time, it

also revealed limitations of established evaluative tools to quantify the value

of such collective endeavors: research articles were scattered over numerous

volumes of journals, collaboration networks experienced abrupt recon�gura-

tion, and new data-driven approaches to science (such as open datasets and

preprints) tested established bibliometric measures. This phenomenon pro-

vides us with a warning of how often rates of scienti�c progress outstrip

evaluative frameworks in harnessing it.

Contribution of this Thesis

To correct for the above misalignment, new methodologies are needed. Ad-

vances in machine learning, network science, and data visualization offer new

opportunities to map, model, and illuminate the structure and evolution of

11



scienti�c knowledge. Combining these methods with interdisciplinarity eval-

uations, we obtain a feasible way to create richer, dynamic, and complete

representations of the scienti�c constellation. Visualization is the protagonist

in this task, due to its ability to transform elusive models into tangible and

understandable dashboards that can be used by researchers, evaluators, and

policy-makers.

The driving force for this thesis, therefore, is two-fold. Firstly, it attempts to

break the rigidity of current scienti�c appraisal systems by proposing differ-

ent approaches, better re�ecting the �uid, interdisciplinary nature of research.

Proceeding further, it attempts to demonstrate the potential of visualization as

an interface linking complex computational models to the interpretive needs

of human consumers. Unveiling, through new visualization methods, the

architecture and process of scienti�c knowledge contributes to a more adapt-

able, transparent, and inclusive process of scienti�c appraisal. In summary,

the aim goes beyond technical aspects: the core matter addresses the capac-

ity of the scienti�c community to organize itself in an appropriate fashion to

meet modern challenges. Recognizing the value of interdisciplinary practices,

engaging in multiple methodologies, and renovating evaluation practices are

critical steps toward developing a scienti�c framework sensitive to global de-

mands. On this note, science visualization renders two services at once, both

analytical and political: it provides us with tools to reevaluate our percep-

tions, evaluations, and governance of knowledge production in an environ-

ment characterized by complexity and unpredictability.
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Chapter 1

Background

This chapter provides the conceptual and technical background necessary to

understand the methods, analyzes, and visualizations presented in this the-

sis. Introduces the structure of bibliographic data, de�nes the concept of

interdisciplinarity and its quantitative measurement, and describes the com-

putational and visualization principles used to represent complex scholarly

relationships. The goal is to equip the reader with a clear understanding of

the data models, metrics, and visualization techniques that form the founda-

tion of this work.

1.1 Scienti�c Knowledge Representation

Modern scienti�c knowledge is primarily disseminated through the estab-

lished method of peer-reviewed publications. Each publication encapsulates

a contribution to a research domain and is described by structured metadata:

title, list of authors, af�liations, publication venue, keywords, references, and

citations. This structure allows for the study of how ideas, collaborations, and

topics evolve over time.

At a higher level, the scienti�c system can be modeled as a network of entities.

• Authors - represent individuals or teams producing research

• Works - represent publications or preprints

15



VISUALIZING SCIENCE

• Venues - represent journals or conferences

• Institutions - represent organizational af�liations

• Topics - represent the conceptual content of works

Each entity is connected to others by natural relationships: authors write

works, works cite other works, and are associated with topics and institutions.

These relationships are the foundation of bibliometric analysis. Quantitative

study of these entities and their connections allows researchers to characterize

patterns of collaboration, specialization, and interdisciplinarity.

1.2 Bibliometric Data and Hierarchical Structures

Bibliometric databases aggregate metadata about scienti�c production. They

standardize entity identi�ers and establish connections between publications,

authors, and topics. Contemporary databases such as OpenAlex, Scopus, and

Web of Science share a common conceptual model, although they differ in

coverage and access. This work relies primarily on OpenAlex, which provides

a fully open and structured dataset, along with an API for programmatic

access.

A key property of OpenAlex is its hierarchical organization of topics. Topics

are grouped into sub�elds , which in turn belong to broader �elds . For exam-

ple, “Arti�cial Intelligence” is a sub�eld of “Computer Science”, and ”Natural

Language Processing Techniques” is atopic of ”Arti�cial Intelligence”. This

hierarchical taxonomy enables multi-scale analyzes of research activity and

forms the basis for the computation of interdisciplinarity metrics.

Each publication in OpenAlex is linked to one or more topics: the aggre-

gation of these across an author's work production provides a quantitative

description of their research pro�le over time. This hierarchical and temporal

structure is essential for distinguishing between different �avors of interdisci-

plinarity, being our object of study.

16



CHAPTER 1. BACKGROUND

1.3 Differentiating cross-disciplinarity phenomena

Before providing a mathematical de�nition of interdisciplinarity, we need to

differentiate between types of cross-disciplinarity. Wagner et al. provided a

clear set of three de�nitions reported in this section [WRB Ï 11].

Multidisciplinary approaches juxtapose disciplinary/professional perspec-

tives, adding breadth and available knowledge, information, and methods.

They speak as separate voices, in encyclopedic alignment. Disciplinary ele-

ments retain their original identity.

Interdisciplinary approaches integrate separate disciplinary data, methods,

tools, concepts, and theories to create a holistic view or common understand-

ing of a complex issue, question, or problem.

Transdisciplinary approaches are comprehensive frameworks that transcend

the narrow scope of disciplinary worldviews through an overarching synthe-

sis. The term also connotes knowledge production that draws on expertise

from a wider range of organizations, and collaborative partnerships.

1.4 De�nition of Interdisciplinarity

Interdisciplinarity refers to the degree to which research activities integrate

knowledge, methods, or perspectives from distinct scienti�c domains. In

quantitative bibliometrics, it is commonly operationalized as a measure of

diversity in the distribution of research outputs across categories.

Let a set of categories� = 21, 22, • • •, 2= represent sub�elds or �elds, and let ?8

denote the proportion of author's publications belonging to the category 28.

The diversity of this distribution can be expressed using classical indices like

Shannon Entropy , de�ned as

� = �
=Õ

8=1

?8log¹?8º (1.1)

17
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where higher values of � indicate that publications are more evenly dis-

tributed among categories, thus re�ecting stronger interdisciplinarity. An-

other commonly used metric is the Simpson Diversity Index , de�ned as

� = 1 �
=Õ

8=1

?2
8 (1.2)

which represents the probability that two randomly selected works belong to

different categories.

In this thesis, two simpler and custom interdisciplinarity metrics are derived

from these principles. Inner interdisciplinarity (�� ) measures the diversity

of author's publications in sub�elds within Computer Science, while Outer

interdisciplinarity ($� ) measures the proportion of activity related to other

�elds. If normalized, both metrics span from 0 corresponding to total special-

ization and 1 being perfect diversity. It is worth noting that these two metrics

are mainly a proof-of-concept: in this work, we are interested in providing the

formal framework allowing comparison of interdisciplinarity across authors,

years, and institutions.

1.5 Machine Learning in Scientometrics

Machine learning (ML) and deep learning (DL) techniques play a fundamen-

tal role in the preprocessing, enrichment, and interpretation of bibliometric

data. They enable automatic classi�cation of scienti�c content, detection of

latent patterns, and the derivation of semantic relationships that are not ex-

plicitly encoded in metadata. In this thesis, we decided to avoid performing a

custom topic classi�cation in OpenAlex publications, exploiting its hierarchi-

cal topic structure, accessible through the API.

1.5.1 Topic Classi�cation in OpenAlex

OpenAlex relies on machine learning models to assign topics, sub�elds , and

�elds to publications. This topic system is the backbone of its hierarchical tax-

onomy and enables quantitative analyzes of disciplinary composition. Topic

18
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assignment is performed using transformer-based language models trained

on large corpora of scienti�c text, including titles, abstracts, and references.

The models learn contextual embeddings of documents, capturing both se-

mantic and citation-based similarity. A synthetic scheme describing Ope-

nAlex's structure is shown in Figure 1.1, from an article by OpenAlex [Ope24].

Figure 1.1: Topic hierarchy structure in OpenAlex. Notice how different type
of data are processed at different steps.

For each work, the classi�er produces a probability distribution over thou-

sands of topics, and the most probable labels are selected and hierarchically

assigned to sub�elds and �elds. The approach integrates citation network

embeddings (graph-based features) with textual embeddings, thus combin-

ing linguistic and relational information. This fusion allows OpenAlex to

capture nuanced disciplinary boundaries. For example, it is capable of dis-

tinguishing “Image Retrieval and Classi�cation Techniques” from ”Medical

Image Segmentation Techniques” based on both terminology and co-citation

patterns.

Through these mechanisms, OpenAlex's ML models act as the interpretive

layer that translates raw bibliometric metadata into coherent ”ingredients”

for our visual narratives.

19
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1.5.2 Limitations and Ethical Considerations

Despite their utility, the ML and DL methods introduce sources of bias and

opacity. Topic classi�ers may propagate imbalances present in training data,

overrepresenting well-covered disciplines, and underrepresenting emerging

or non-English research. Furthermore, probabilistic topic assignment does

not always ensure interpretability: labels are derived from latent statistical

patterns rather than explicit human categorization.

Therefore, transparency in algorithmic design and interpretability of visual

outcomes are essential. For this reason, while this thesis leverages topic struc-

tures derived from machine learning, it treats them as structured metadata

rather than a de�nitive disciplinary truth. The analytical framework is de-

signed to remain adaptable to future, more interpretable classi�cation systems

or manually curated taxonomies.

1.6 Principles of Data Visualization

Visual representation is essential for interpreting the multidimensional rela-

tionships inherent in the bibliometric data. Visualization serves two comple-

mentary functions: exploration, allowing users to detect patterns interactively,

and communication, summarizing complex relationships in an interpretable

form. Two visualization paradigms are particularly relevant for our work:

• Force-directed graphs: Also called Force Diagrams, they model entities

(authors, sub�elds) as nodes connected by weighted links that represent

co-occurrence or similarity. The spatial layout reveals the structure of

the community and the disciplinary clusters.

• Sankey Diagrams: They depict �ows between categories, such as the

volume of publications moving from sub�elds to broader �elds, where

link width encodes magnitude. These diagrams are well suited to rep-

resenting outer interdisciplinarity.

Effective visual design depends on clarity and scalability. Color encodings

must distinguish categories without introducing bias, while interactivity (�l-

tering, zooming, highlighting) must remain responsive even with large and

20
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structured datasets. Layout algorithms (e.g., D3.js force simulation) and hier-

archical grouping are used to maintain readability and balance between detail

and overview.

1.6.1 Computational Framework

The visualization components developed in this thesis are based on web tech-

nologies. Data preprocessing is performed in Python, while visualization is

implemented in JavaScript using the D3.js library. D3 enables declarative,

data-driven transformations between numerical data and graphical elements.

Force-directed layouts compute positions through iterative physical simula-

tion, while Sankey layouts allocate nodes and �ows along parallel axes to

minimize link crossings. Both of these layouts depend on input structures

consisting of nodes and links .

21



VISUALIZING SCIENCE

22



Chapter 2

State of the Art: Data Visualization

The exponential growth of scienti�c literature has made traditional methods

of literature review and knowledge synthesis increasingly inadequate. Conse-

quently, there is a pressing need for innovative visualization techniques that

can encapsulate the semantic, relational, and temporal dimensions of scien-

ti�c knowledge. Such visualizations not only facilitate a more intuitive under-

standing of complex research landscapes but also support strategic decision-

making in research policy, funding allocation, and academic planning.

2.1 From the Citation Indexing to Science Mapping

The systematic analysis of scienti�c structure, often referred to as ”science

mapping”, originated with Gar�eld's introduction of citation indexing in the

1950s [Gar79]. Later, Small's co-citation method (1973) established a foun-

dation for detecting emerging specialties based on shared citation patterns

[Sma73]. These early approaches provided a quantitative basis for mapping

intellectual links within and between disciplines.

During the 2000s, tools such as CiteSpace [Che06] and VOSviewer [vEW10]

democratized access to science mapping through interactive visual interfaces

for co-citation and keyword co-occurrence analysis. These systems allowed

researchers to explore the evolution of topics and collaborations at various

levels of aggregation, establishing a new paradigm of visual bibliometrics.
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2.2 From Co-occurrence Networks to Semantic Em-
beddings

Traditional keyword co-occurrence captures surface-level relationships, but

lacks semantic depth. The emergence of transformer-based language models,

such as SciBERT [BLC19], introduced dense, contextualized embeddings tai-

lored to the scienti�c text. These models outperform general-purpose embed-

dings in tasks such as citation intent classi�cation and paper recommendation,

providing �ne-grained representations of conceptual similarity. Embedding

entire document corpora enables the clustering and visualization of research

themes in high-dimensional vector spaces, which can be projected into inter-

pretable two-dimensional or three-dimensional visual maps using dimension-

ality reduction techniques such as t-SNE [MH08] and UMAP [MH18].

Deep learning also improves recommendation systems by identifying unex-

plored nodes, de�ned as articles or concepts that share latent similarities with

the current interest of the user [PGG Ï 24]. This property underpins new forms

of exploratory visual navigation in scienti�c knowledge spaces.

2.3 Network Science and Dynamic Graph Repre-
sentations

Network science offers robust tools for modeling and analyzing the intri-

cate web of academic communication. By representing entities such as au-

thors, publications, and institutions as nodes, and their relationships (e.g.,

co-authorships, citations) as edges, researchers can uncover patterns of collab-

oration, in�uence, and knowledge dissemination. Dynamic network analysis

extends these capabilities by incorporating temporal dimensions, allowing

for the examination of how research collaborations and thematic focus evolve

over time.

Modern graph-embedding techniques such as node2vec [GL16] and Graph-

SAGE [HYL17] learn low-dimensional vector representations that preserve

both local and global topological properties. Dynamic network models, such

as DynamicTriad [ZYR Ï 18], further capture the evolution of collaboration pat-
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terns, allowing the analysis of how research communities form, expand, or

dissolve over time. These approaches have been integrated into interactive

visualization systems to reveal multi-temporal and multi-scalar properties of

scienti�c collaboration.

2.4 Temporal Topic Modeling and Semantic Drift

Understanding the thematic evolution of scienti�c �elds requires the use of

topic modeling techniques such as Latent Dirichlet Allocation (LDA) and Dy-

namic Topic Models (DTM) [BL06]. These methods enable the extraction of

latent topics from large corpora of text, facilitating the tracking of research

trends over time. The integration of topic modeling with temporal analy-

sis allows for the identi�cation of emerging areas of inquiry and the shifting

focus within disciplines.

Visualization platforms like Sci2 [BCFK Ï 10] integrate these models to gen-

erate heuristic timelines and identify “research fronts”, regions of intense

innovation or conceptual change. Combined with network representations,

these models facilitate temporal science mapping: visualizations of the birth,

transformation, and decline of topics within and across disciplines.

The development of sophisticated visualization methods is heavily based on

the availability of comprehensive and structured datasets. Platforms such as

Scopus and OpenAlex provide extensive bibliometric data, including meta-

data on publications, authors, and citations. OpenAlex, in particular, offers

open-access APIs that facilitate large-scale data retrieval and analysis, making

it a valuable resource for researchers aiming to construct detailed visualiza-

tions of scienti�c knowledge.

2.5 Visualization Techniques and Interaction

High-dimensional scienti�c data require visual encodings that balance expres-

siveness with interpretability. Interactive frameworks built on D3.js, Plotly,

and WebGL enable dynamic �ltering, zooming, and semantic highlighting,

allowing users to explore disciplinary networks in real time. The ability to
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visualize semantic embeddings alongside citation and collaboration struc-

tures fosters discovery across multiple analytical layers (structural, topical,

and temporal).

Tools like Connected Papers enable the exploration of literature through co-

citation and bibliographic coupling, offering intuitive visual maps that reveal

the relationships among research papers. Notice that, starting from a seed pa-

per, Connected Papers does not build a citation graph, but rather a similarity

graph exploiting the shared references between two papers. Elsevier's Finger-

print Engine, integrated within Scopus, employs natural language processing

to generate semantic pro�les (�ngerprints) of authors and institutions, aiding

in the identi�cation of research strengths and collaboration opportunities. It

works by analyzing metadata and extracting concepts and phrases based on

relevance in the context, and is based on standardized disciplinary ontolo-

gies. The �ngerprints re�ect topic intensity - not just presence, but also em-

phasis. Scopus lets users compare �ngerprints between authors and exploits

this pro�le in order to power recommendation engines such as Mendeley or

Researcher Discovery.

2.6 Novelty and Research Quality

Despite advancements in visualization techniques and analytical methodolo-

gies, several challenges remain. There is a lack of research exploring the

relationship between interdisciplinarity and peer review or expert opinions,

particularly at the article level, despite interdisciplinary research demonstrat-

ing a positive association with citations when considering composite inter-

disciplinary indicators [CZQC24]. Furthermore, despite not signi�cantly im-

pacting researcher performance, interdisciplinarity contributes to the quality

of research results [YLM24]. Interdisciplinarity has been demonstrated to

help produce new or disruptive research, leading to the idea that this type

of indicator can directly characterize the quality and contribution of research

[CGDS24]. In order to measure the strength of the interdisciplinary interac-

tions between two disciplines, both citation analysis and semantic analysis

can be used [HCZÏ 22].

This research aims to use network analytics metrics and existing citation, pro-
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duction, and topic indices to create a way to visualize the career of a re-

searcher, while ensuring that the temporal dynamics in his research interests,

like birth and death of topics and collaboration bonds, are not lost in the rep-

resentation. Combining the strengths of network analytics, topic modeling,

and data visualization, we can lead to more dynamic visualizations of scien-

ti�c knowledge, accommodating the complexities of interdisciplinary research

and other phenomena related to the evolving nature of scholarly communica-

tion.

2.7 Strategic and Policy Implications

Visualizing the evolution of individual careers has practical implications for

research management and policy. By exposing how researchers build bridges

across disciplines or sustain long-term expertise, these tools can inform fund-

ing allocation, hiring, and the design of interdisciplinary programs. The

Science of Science literature underscores that researcher-level dynamics are

key to understanding innovation and creativity in the scienti�c enterprise

[WB21, SWDÏ 16].

The framework proposed in this thesis builds on these foundations, combin-

ing network analytics, topic modeling, and interactive visualization to depict

the temporal, semantic, and relational dimensions of research careers. The

result is a system that not only visualizes, but also quanti�es the evolution of

interdisciplinarity and intellectual in�uence—supporting both scholarly in-

sight and evidence-based decision-making in the research ecosystem.
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Chapter 3

State of the Art: Scientometrics

Interdisciplinarity has emerged as one of the central characteristics of mod-

ern science and, with it, the need to measure it effectively. Complex global

challenges such as climate change, sustainability, and digital transformation

require knowledge that transcends the boundaries of individual disciplines.

As a result, scholars, institutions, and policymakers have developed a strong

interest in methods for quantifying and evaluating interdisciplinarity. Such

metrics are not merely academic exercises: they play a crucial role in research

assessment, funding allocation, and science policy.

However, interdisciplinarity is inherently multidimensional. It involves di-

versity of knowledge sources, integration of methods, coherence of research

communities, and the ability to generate novel combinations of ideas. No sin-

gle metric can capture all these facets. The literature therefore offers a wide

range of approaches, each grounded in different theoretical perspectives and

operational choices.

3.1 Conceptual Frameworks for Interdisciplinarity

Early efforts emphasized the need to clarify what interdisciplinarity is meant

by before attempting to measure it. The Committee on Facilitating Interdisci-

plinary Research (2005) provided a broad de�nition, de�ning interdisciplinar-

ity as “a mode of research by teams or individuals that integrates information,
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data, techniques, tools, perspectives, concepts, and/or theories from two or

more disciplines or bodies of specialized knowledge to advance fundamental

understanding or to solve problems whose solutions are beyond the scope of

a single discipline or area of research practice.” [oSPoFIR05] This de�nition

highlights integration and synthesis, moving beyond the mere juxtaposition

of disciplinary elements.

Miller and Mansilla (2004) further emphasized the idea of thinking in all

perspectives, focusing on the cognitive and educational aspects of interdis-

ciplinarity [MM04]. Their approach underscores that interdisciplinarity is not

only a structural property of publications or collaborations but also a set of

cognitive skills.

Stirling (2007) introduced a widely cited conceptual advance: a general frame-

work for analyzing diversity [Sti07]. Stirling argued that interdisciplinarity

can be understood in terms of three dimensions of diversity:

• Variety: the number of distinct categories (disciplines) present.

• Balance: the evenness of distribution across categories.

• Disparity: the degree of difference between categories.

This framework provided the foundation for quantitative measures such as

the Rao–Stirling index, which integrates these dimensions. The key insight is

that interdisciplinarity is not reducible to variety alone: integration requires a

balanced and cognitively distant mix of �elds.

Together, these conceptual works laid the ground for subsequent methodolog-

ical developments by clarifying that interdisciplinarity is multidimensional,

dynamic, and context-dependent.

3.2 Bibliometric and Network-Based Indicators

3.2.1 Diversity and Coherence

Rafols and Meyer (2010) introduced a combined approach using diversity

and network coherence as complementary indicators [RM10]. Diversity is
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assessed through measures such as Rao–Stirling, which captures how broadly

research draws on different disciplines. In contrast, coherence re�ects the

extent to which these diverse elements are connected or integrated in the

resulting work. Case studies in bionanoscience showed that high diversity

does not necessarily imply high coherence: research may cite many �elds

without successfully integrating them. This duality highlights the importance

of considering different dimensions to avoid misleading conclusions when

dealing with interdisciplinarity.

3.2.2 Interdisciplinarity at the Individual Level

Porter et al. (2007) pioneered the measurement of researcher interdisciplinar-

ity by applying diversity metrics to reference lists of individual publications

[PCRP07]. They demonstrated that interdisciplinarity can be operational-

ized at different levels of aggregation (individual researchers, institutions, or

�elds). This line of work was later extended by Porter and Rafols (2009), who

tracked interdisciplinarity in six research �elds over time, �nding evidence

that science has become increasingly interdisciplinary, albeit unevenly, in all

domains [PR09].

3.2.3 Institutional and Field-Level Indicators

Cassi et al. (2014) focused on the evaluation of interdisciplinarity at the in-

stitutional level, proposing metrics that combine publication data with �eld

classi�cations [CMdT14]. Their work emphasized that institutional evalua-

tion requires accounting for both the breadth of disciplinary coverage and the

coherence of internal collaborations.

At the �eld level, Brink et al. (2020) conducted a systematic review of interdis-

ciplinarity measures in sustainability research, revealing the proliferation of

indicators but also the lack of consistency in their application [BHT20]. Sus-

tainability, as a highly interdisciplinary domain, provided a basis for assessing

the strengths and weaknesses of existing approaches.
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3.3 Critical Assessments of Measures

The growing body of metrics has sparked debates about their consistency,

validity, and comparability. Wagner et al. (2011) reviewed approaches to

measuring interdisciplinary scienti�c research and highlighted two broad cat-

egories:

• Input-oriented measures: focused on the disciplinary distribution of

references, authors, or institutions.

• Output-oriented measures: assess the in�uence of research across dis-

ciplinary boundaries (e.g., cross-disciplinary citations).

They concluded that while there were numerous methods, none provided a

de�nitive solution and metrics should always be interpreted relative to the

context [WRBÏ 11].

Wang and Schneider (2020) systematically assessed the consistency and va-

lidity of interdisciplinarity measures [WS20]. They found that different in-

dicators often lead to divergent results when applied to the same dataset.

For example, Rao–Stirling diversity can label a publication as highly inter-

disciplinary, while network coherence measures suggest limited integration.

Their study underscored the importance of methodological transparency and

robustness checks.

Glänzel and Debackere (2022) further explored the various aspects of inter-

disciplinarity, stressing that metrics must capture not only diversity, but also

collaboration dynamics, knowledge transfer, and the evolution of research

communities [GD22]. They argued that interdisciplinarity is best understood

as a spectrum rather than a binary property, requiring composite indicators.

Together, these critiques caution against over-reliance on single metrics and

advocate for more pluralistic, triangulated approaches.
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3.4 Diversity Frameworks and Indices

Among the quantitative approaches, diversity indices stand out as the most

widely adopted. Building on Stirling's (2007) framework, several indices have

been proposed:

• Shannon entropy: measures variety and balance, but ignores disparity.

• Simpson diversity index: emphasizes the probability of randomly se-

lecting two different categories, again lacking a disparity component.

• Rao–Stirling index: integrates variety, balance, and disparity by weight-

ing pairwise distances between categories. This makes it particularly

suited for interdisciplinarity studies, though it depends heavily on the

choice of distance metric (e.g., cosine similarity of subject categories).

These indices have been used extensively in Scientometrics to characterize in-

terdisciplinarity at different levels. However, their dependence on disciplinary

taxonomies (such as Web of Science categories) introduces biases, since tax-

onomies are often coarse, overlapping, or outdated relative to emerging �elds.

In this thesis, we used the Shannon entropy and the Simpson diversity index

in our validation approach to perform a comparison.

3.5 The Role of Classi�cation Schemes and Data
Sources

A recurring challenge in measuring interdisciplinarity is the reliance on dis-

ciplinary classi�cations. Indicators often assume �xed categories (journals,

subject headings, or database �elds), but the disciplines themselves are �uid

and contested. For example, sustainability research or the digital humanities

are not always well represented in standard bibliographic taxonomies.

Cassi et al. (2014) and Brink et al. (2020) both highlighted this limitation,

noting that evaluation results may re�ect the design of classi�cation systems

more than the true interdisciplinarity of research. Wang and Schneider (2020)

con�rmed that inconsistencies between measures often stem from differences

in how categories are de�ned and aggregated.
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Alternative approaches, such as clustering citation networks or applying topic

modeling, have been proposed to derive more dynamic and data-driven �eld

boundaries. Although promising, these methods raise new challenges in in-

terpretability and reproducibility.

3.6 Interdisciplinarity, Policy, and Evaluation Prac-
tices

Methodological debates around interdisciplinarity metrics have direct impli-

cations for science policy and evaluation. Policy-makers often invoke inter-

disciplinarity as a goal, but operationalization remains uneven.

Wagner et al. (2011) emphasized that metrics must align with policy objec-

tives: whether the aim is to foster cross-disciplinary collaboration, to support

integration of knowledge, or to evaluate societal impact. Without clarity, in-

dicators risk being misapplied.

Glänzel and Debackere (2022) argued that interdisciplinarity should not be

treated as universally bene�cial. Although it can improve innovation, it can

also dilute expertise or create communication barriers. Evaluation systems

must therefore recognize trade-offs and avoid simplistic rankings.

In practice, the adiabatic nature of evaluation systems (as discussed in your

introduction) means that despite methodological advances, traditional indica-

tors such as citation counts and journal rankings remain dominant. Integrat-

ing interdisciplinarity metrics into institutional assessment remains a chal-

lenge, hindered by data limitations, computational complexity, and resistance

to change.

3.7 Open Challenges

The reviewed literature on Scientometrics reveals both the richness of inter-

disciplinarity metrics and their limitations. These challenges create space for

methodological innovation. New metrics can explore dynamic, data-driven
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classi�cation systems; integrate multiple dimensions of interdisciplinarity;

and offer transparent, interpretable visualizations. From early conceptual

frameworks to advanced statistical indices, scholars have developed a diverse

toolkit to capture the complexity of cross-disciplinary research. However, no

consensus has been reached on a de�nitive indicator.

This state of the art demonstrates that interdisciplinarity metrics are neces-

sary but must be applied cautiously, with awareness of their assumptions

and limitations. For this reason, the development of novel and complemen-

tary metrics, as pursued in this thesis, is timely and relevant. Building upon

existing frameworks while addressing their shortcomings, new approaches

can contribute to more nuanced, robust, and policy-relevant evaluations of

interdisciplinarity in science.
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Chapter 4

Use Case

This chapter focuses on the dataset we selected, its characteristics and the

reasons why it needed enrichment from an external source. We also examine

three potential databases for this purpose, highlighting their relative advan-

tages and limitations, before explaining the rationale behind our choice.

4.1 Base Dataset

We started our work downloading a dataset that lists all Computer Science

researchers af�liated with Italian universities. The data comes from the Cerca

Universit�a service, maintained by the Ministry of Universities and Research

(MUR). It is an of�cial, structured, and comprehensive registry that con-

tains pro�les, institutional af�liations, and classi�cation within national dis-

ciplinary groups. To narrow the dataset to Computer Science, we �ltered it

using the 01/INFO-01 GSD 2024 classi�cation. The �nal dataset, which con-

tains only the relevant entries, was downloaded on 2 September 2025.

The main aim of this case study is to explore interdisciplinarity among Italian

Computer Science researchers. Here, the term “interdisciplinarity” has a dual

meaning. On one hand, it refers to collaborations and outputs that cross sub-

�elds within Computer Science itself: we call this inner interdisciplinarity ).

On the other hand, it denotes connections with other scienti�c domains, or

outer interdisciplinarity . Studying these patterns requires more than know-
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ing who the researchers are and where they work. Detailed information on

publications, research topics, and citation histories is also necessary. Among

these, topics are particularly important because they provide a �exible way to

map research interests, making them a key measure of interdisciplinarity.

Although the MUR dataset provides a solid baseline, it lacks bibliometric

details and structured topic information, both essential for the full analysis

we wanted to perform. To address this, we decided to enrich it using a global

research database that offers structured metadata on authors, publications,

topics, and citations. The following sections outline the criteria used to select

a suitable database and explain why OpenAlex was chosen over Scopus or

Google Scholar.

4.2 Comparison of candidate sources

Measurement of interdisciplinarity, in order to work as intended, required

supplementing the original dataset with global research data. Three main

candidates emerged: OpenAlex, Scopus, and Google Scholar.

OpenAlex is open source and free. Provides detailed metadata on authors,

publications, venues, institutions, and topics. Its API is stable and supports

�ltering, pagination, and aggregation. Bulk data dumps are released regu-

larly. One of OpenAlex's key advantages is its hierarchical topic taxonomy.

This allows mapping of publications across Computer Science sub�elds and

into external disciplines. If we compare the coverage of OpenAlex to the one

of commercial databases, OpenAlex, we can see that it is still developing, but

it stands out for its open source nature, reproducibility, and suitability for

large-scale research.

Scopus, managed by Elsevier, is a commercial bibliometric database. It is

known for its curated metadata, standardized author pro�les, and advanced

citation metrics. Journal coverage is excellent, but other sources, such as con-

ference proceedings, may sometimes be underrepresented. The Scopus plat-

form is subscription-based, so large-scale programmatic use requires institu-

tional agreements. The API is limited in scope and request rate. Despite the

excellent quality of the data, these limitations made Scopus impractical for
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this study.

Google Scholar provides the broadest coverage of the three, capable of �nding

not only peer-reviewed publications but also preprints, theses, and reports.

As a search engine, it is widely used to perform individual queries, but it suf-

fers from inconsistent metadata: duplication is common, author disambigua-

tion is weak, and topic classi�cation is absent. Moreover, it has no of�cial

API or bulk download mechanism, making systematic use on a relevant scale

impossible. Automated scraping is possible, but fragile and unsuitable for a

large dataset.

Table 4.1 summarizes the main strengths and weaknesses of these sources.

Each has merit, but they differ signi�cantly in coverage, accessibility, meta-

data quality, and usability.

Taking into account these trade-offs, OpenAlex was chosen for dataset enrich-

ment. Its open access model, structured topic system, and reliable API make it

particularly well suited for analyzing interdisciplinarity in Italian Computer

Science. Scopus was excluded due to restricted access and Google Scholar

due to inconsistent metadata and lack of programmatic access.

4.3 The choice of OpenAlex

After evaluation, OpenAlex proved to be the most suitable. Beyond tech-

nical accessibility, it provides a conceptual framework that matches our re-

search objectives. Its topic-based organization allows for tracing both sub-

�elds within Computer Science and connections to other disciplines. This

makes it highly effective for studying both inner and outer interdisciplinarity.

4.3.1 Brief description of OpenAlex

OpenAlex, launched in 2022, is the open-source successor to MAG. MAG had

already offered a structured database of scholarly works, authors, institutions,

and citation networks. OpenAlex builds on this legacy while improving API

access, usability, and sustainability. Its continuity enables analysis of decades

of scholarly output, which is essential for studying research trends and cross-
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disciplinary collaborations.

The temporal depth of OpenAlex is particularly valuable for visualization.

The Force Diagram, for instance, depicts research career trajectories, while

the Sankey Diagram represents �ows of research activity between Computer

Science and other domains.

The OpenAlex data model also allows multi-level analysis, from individual

publications and authors to sub�elds and entire scienti�c domains. This �ex-

ibility is crucial for our visualizations, which need both granular detail and

aggregated views to capture community-level interdisciplinarity.

4.3.2 Conceptual structure

Data in OpenAlex are structured around �ve core entities: Works, Authors,

Institutions, Venues, and Topics. Works represent publications and link to

Global research system databases
OpenAlex Scopus Google Scholar

Coverage Broad, open
data

Very large Extremely
broad

Cost Free, Open Ac-
cess

Subscription Free

Data Access API, bulk
download

Limited API,
paywall

No bulk down-
load and lim-
ited scraping

Quality Good metadata,
still maturing,
topic structure

highly curated,
standardized
metadata

mixed quality
with duplicate
and/or missing
metadata

Citation Metrics Tracks citations
and other met-
rics

Advanced
citation metrics,
detailed
analysis

Citation counts,
but can be in-
�ated

Usability Designed for
researchers and
developers,
easy API

Polished UI Simple Search
Engine

Table 4.1: Comparison of different global research system databases, with
their strenghts and weaknesses.
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authors and institutions. Venues indicate journals or conferences. Topics

provide a hierarchical classi�cation of research areas, allowing publications

and researchers to be grouped by focus. In our study, this hierarchy was the

central element used to measure interdisciplinarity.

Using OpenAlex also allows us to anchor visualizations in quantitative mea-

sures. Citation counts and topic assignments provide a different way to ob-

serve and evaluate researchers and their networks, the second criterion com-

plementing the quantitative interpretations that emerge from the �rst. This

ensures that the analysis is both visually informative and scienti�cally rigor-

ous.

In sum, OpenAlex is more than a data repository. Its structure and opennes

provide a framework to study interdisciplinarity systematically, combining

temporal and topical perspectives while linking visualizations directly with

measurable research metrics.
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Chapter 5

Methods

5.1 Methodology introduction

In this thesis, we designed a methodology that is both rigorous and repro-

ducible while allowing us to capture the interdisciplinarity that characterize

research communities. The goal is to measure two interdisciplinarity dimen-

sions: inner interdisciplinarity (diversity within Computer Science sub�elds)

and outer interdisciplinarity (connections to other scienti�c domains). By do-

ing so, we obtain a powerful tool for comparing the careers of authors in a

way that differs from the usual bibliometrics.

The process is multi-stage. We begin by collecting bibliometric and topic

data systematically and then enrich it with external information. Once col-

lected, the data are pre-processed and structured to support both quantitative

metrics and visual exploration. After that, we de�ne and calculate speci�c in-

terdisciplinarity metrics. Finally, the validation of these metrics ensures that

they are able to re�ect the phenomena we aim to measure while remaining

interpretable by the user.

An important aspect that is worth noting is that the methodology emphasizes

clarity and reproducibility. Data structures were designed to allow for aggre-

gation across hierarchical levels and temporal windows. Temporal dynamics

are captured as snapshots for individual years and as cumulative measures

across careers. This enables us to explore the trajectories of research activity,
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rather than just static summaries.

In short, the approach bridges visualization and scientometrics, combining

computation with interpretation. It is general enough to be applied beyond

Computer Science, but tailored here to reveal the patterns most relevant to

our study.

5.2 Data Visualization methods

Visualizations in this study serve a dual purpose. They provide a clear and

immediate picture of interdisciplinarity, and at the same time, they make com-

plex bibliometric data interpretable for broader audiences. Numbers alone

can summarize activity, but patterns, clusters, and �ows are often easier to

understand visually.

We developed two complementary diagrams. The �rst, a Force Diagram,

captures inner interdisciplinarity within Computer Science. The second, a

Sankey Diagram , highlights �ows between Computer Science sub�elds and

external disciplines. Together, they allow analysis at the level of individual

researchers and at the community level.

5.2.1 Visualization Objectives

We designed the visualizations with three key objectives in mind:

1. Describe interdisciplinarity as a dynamic and evolving process, rather

than a static snapshot.

2. Capture behaviors at both individual (career trajectory) and community

level (aggregate knowledge movement).

3. Ensure accessibility and reproducibility through common web-based in-

teractive tools.

These goals guided all design choices, from visual encoding to interactivity

features.
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5.2.2 Force Diagram for Inner Interdisciplinarity

The Force Diagram represents authors as nodes. The color of the node re�ects

the dominant sub�eld of the author at a given point in time. The layout is

force-directed: the nodes repel each other, while links act like springs. The re-

sult is an organic, intuitive arrangement that highlights clusters and overlaps.

A key innovation was the use of phantom links, which allow authors af�liated

with multiple sub�elds to maintain a visible presence in their primary cluster

while remaining connected to other relevant clusters. Each phantom link

has the same gray color, but the opacity is different following the following

equation:

Opacity ¹2º = 0.01Ï
2� ¹0.30� 0.01º

maxCount
, 2 2 »0, maxCount¼ (5.1)

with 2 being the count of phantom points for a speci�c author. A phantom

point is an invisible point created at the center of each cluster in which the

author has worked that is different from the current cluster. The choice of

0.01 and 0.30 for the minimum and maximum opacity has been made to avoid

visibility problems when many phantom links are computed. The phantom

link stroke width also scales, but not relative to the other sub�elds:

StrokeWidth ¹2º = max¹0.4, 0.45� ln¹2Ï 1ºº (5.2)

This means that small counts are very thin, while as the count grows, the

thickness of the phantom line increases logarithmically. In short, the stroke

width re�ects how many ”phantoms” it represents, while the opacity re�ects

its relative weight compared to the maximum count in that year. This gen-

erates, as the user approaches recent years, a ”spider web” of phantom lines

highlighting relations between authors and sub�elds.

Temporal exploration is facilitated by allowing the user to jump through years

and animating career trajectories, providing a dynamic narrative of interdis-

ciplinarity as it unfolds over time.

5.2.3 Sankey Diagram for Outer Interdisciplinarity

The Sankey Diagram addresses the second layer of interdisciplinarity: the

�ows between Computer Science sub�elds and external disciplines. Here, the
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metaphor of “knowledge �owing” is made explicit. Each Computer Science

sub�eld is represented on one side, while external �elds appear on the other.

The width of each �ow is proportional to the number of publications that

cross disciplinary boundaries, allowing users to immediately grasp where

interactions are most signi�cant.

The Sankey Diagram also supports subgroup exploration: users can �lter

�ows by institution, by speci�c author(s), or by temporal window, enabling

both broad and focused perspectives. The consistent use of color schemes

across both diagrams ensures visual coherence and facilitates interpretation.

5.2.4 Visual Encoding Choices

Colors were carefully chosen to encode disciplinary categories consistently

between the Force and Sankey Diagrams. Position and connectivity in the

Force Diagram communicate collaboration and diversi�cation, while width

in the Sankey Diagram encodes magnitude of �ows. Movement in the Force

Diagram (via simulation updates) reinforces the perception of change, while

the static but proportional structure of the Sankey provides a complementary

stable context.

5.2.5 Interactivity and Exploration

Interactivity is a central feature of the visualization system. Users can:

• Hover over nodes or �ows to reveal metadata such as author names,

af�liations, or publication counts.

• Filter by temporal window, toggling between Entire Career and Speci�c

Year modes.

• Highlight or hide phantom links to manage visual density.

• Switch between autoplay and manual year navigation to explore tempo-

ral dynamics at different speeds.

These interactions empower users: they can move �uidly from micro to macro

perspective and vise versa, uncovering hidden patterns that static visualiza-

tions alone would not reveal.
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5.2.6 Role in the Research Pipeline

Data visualizations have a dual role within the methodology. On the one

hand, they are exploratory tools that allow researchers to visually inspect

anomalies, patterns, and structural features of interdisciplinarity. On the other

hand, visualizations act as communicative artifacts, able to translate complex

structures into narratives that can be understood by broader audiences, in-

cluding policy-makers and academic administrators that are not necessarily

close to the scienti�c language of a speci�c discipline. We exploit this dual

function to ensure that the methodology does not remain purely technical but

realistically contributes to the interpretation and decision-making processes.

5.3 Metrics de�nition

Metrics are de�ned to quantitatively capture interdisciplinarity in a manner

consistent with established diversity measures. Two complementary dimen-

sions are considered, both speci�c-year snapshots and cumulative career-level

aggregations: this dual approach supports longitudinal analysis, revealing

how interdisciplinarity develops over time.

5.3.1 Inner Interdisciplinarity metric

Inner interdisciplinarity re�ects the diversity of research activity within a pri-

mary �eld of a group or an authos. It is operationalized by measuring the

distribution of publications across sub�elds. Our approach is not based on

single papers but on sub�eld counts as extracted by the OpenAlex topic hier-

archy. Our measure is de�ned as

II ¹0º = 1 �
max8 28Í

828
(5.3)

where 0 is the author (or group of authors) we consider and 28 is the count

of works in a certain sub�eld 8. This measure penalizes the dominance of

a sub�eld over the others: it is maximal when each sub�eld is participated

equally, minimal when only one sub�eld is represented.
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5.3.2 Outer Interdisciplinarity metric

Outer Interdisciplinarity measures the extent to which publications of a group

or an author span beyond their primary �eld into external scienti�c �elds. In a

way similar to the inner interdisciplinarity de�ned in Equation 5.3, we de�ne

our measure as

OI¹0º = 1 �
max8 48Í

848
(5.4)

where 0 is the considered author (or group of authors) and 48 is the count of

works in a speci�c couple ”sub�eld-�eld”. In this sense, the sub�elds are the

in the �eld we are interested in (in this thesis, the Computer Science �eld),

while the �elds are the one different from the one we are interested in (i.e.

Engineering, Medicine, Physics).

5.4 Validation approach

To ensure the reliability and scienti�c rigor of the proposed interdisciplinarity

metrics, we implemented a systematic validation procedure. The goal of this

validation is to assess whether the metrics accurately capture both inner and

outer interdisciplinarity and whether they align with established diversity

measures.

The validation work�ow progresses in several stages. First, we extracted the

relevant publication counts from the hierarchical JSON dataset. For inner in-

terdisciplinarity, we aggregated the number of publications per author across

sub�elds for either a speci�c year or the entire career, depending on the tem-

poral mode under analysis. For outer interdisciplinarity, we aggregated pub-

lication counts across sub�elds and their associated external �elds, re�ecting

the extent to which authors bridge Computer Science and other disciplines.

After that, the function interdisciplinarity from counts() calculated the

proposed metrics, operationalizing the mathematical de�nitions introduced

with Equations 5.3 and 5.4. To benchmark these metrics, we compared them

with standard diversity indices, speci�cally the Shannon entropy and the

Simpson index. These indices serve as established proxies for diversity and

heterogeneity, providing a reference to evaluate whether the proposed metrics

behave consistently.
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Finally, we performed a correlation analysis to quantify the alignment be-

tween the proposed metrics and classical diversity measures. High correlation

coef�cients would indicate that the metrics are capable of capturing general

patterns of interdisciplinarity in a way that is consistent with established in-

dices.

This approach ensures that metrics are reproducible, empirically grounded,

and interpretable. Validation con�rms that inner interdisciplinarity and outer

interdisciplinarity are captured effectively as intended, thus giving strength

to both visualization and analysis. Importantly, this work�ow can be applied

to other datasets of different scienti�c disciplines, emphasizing the generality

of the methodology.
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Chapter 6

Design

In this chapter, we report the design choices behind visualization, with the

technologies used during the development of the web-based visualization

(HTML, CSS, JavaScript, and D3.js library), data processing, and deployment.

We explain the importance and reasons for speci�c design choices.

6.1 Visualizing interdisciplinarity layers

Before explaining the design itself, it is worth considering what we decided

to tell with the visualization. Two visualizations were designed, but we can

see them as two parts of the same story, exploring interdisciplinarity inside

the Computer Science �eld (Force Diagram) and interdisciplinarity between

Computer Science and other scienti�c �elds (Sankey Diagram).

6.2 Data visualization ideation

A good design for a visualization should take into account the story one

needs to tell and start from dissecting their main components. Our story

is interdisciplinarity in the Italian researchers community of the Computer

Science �eld and we can identify the main properties we had to capture in

order to make our data visualization effective.
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Conceptually, the system abstracts the raw publication data into entities and

relationships relevant to interdisciplinarity. Authors are treated as nodes, sub-

�elds as categorical attributes, and co-occurrences of authors across sub�elds

de�ne relationships. For the Force Diagram, nodes represent authors, and

links indicate shared sub�elds, highlighting inner interdisciplinarity. For the

Sankey Diagram, nodes are sub�elds and external �elds, and links encode

�ows of publications between them, capturing outer interdisciplinarity. This

abstraction allows visualizations to convey meaningful patterns without ex-

posing low-level data structure details to the user.

6.2.1 Inner interdisciplinarity properties

The �rst property is the evolution of authors careers and works, from which

the inner interdisciplinarity directly follows. We captured this characteris-

tic with the idea of segmenting information in different years and showing

changes with color and movement. These two clues provide the user with

a fast and intuitive way of assessing the evolution of phenomena. This idea

led to the adoption of a force-directed graph (it will be called Force Diagram

in this thesis), a type of graph layout that uses simulated physical forces,

like attraction between connected nodes (springs) and repulsion between all

nodes (magnets) to position elements in a way that reveals network structure,

relationships, and clusters.

Another property is co-presence of authors in more than one sub�eld. This

is crucial because researchers tend to produce heterogeneous articles during

their career, without focusing exclusively on their main sub�eld. Sometimes,

the main sub�eld can also change with the evolution of the research interests.

In order to tell this part of the story, we needed something that could link all

the researchers to sub�elds without sacri�cing their position in the main sub-

�eld. We adopted a strategy, we call ”phantom links” to obtain this behavior

in the Force Diagram.

6.2.2 Outer interdisciplinarity properties

We opt for a completely different fashion to represent outer interdisciplinar-

ity. The properties we want to capture are no longer related to single re-

searchers, but to the entire community or to subgroups within it. The key

54



CHAPTER 6. DESIGN

idea is to show how much of a certain sub�eld �ows into each of the different

scienti�c �elds different from Computer Science. Due to this requirement,

we adopted the Sankey Diagram, as it is a classic visualization based on this

”�owing” intuition. Notice that this visualization can also describe the outer

interdisciplinarity of a single author: to do so, simply consider the subgroup

of researchers consisting of the speci�c individual alone.

6.3 Storytelling

Data visualization is most effective when it is not just a static picture, but

part of a broader narrative. The underlying story we wanted to tell is the

interdisciplinarity of Computer Science researchers in Italy. We adopted a

two-layered storytelling approach. First, we introduced the internal dynam-

ics of interdisciplinarity within Computer Science itself. Then, we expanded

the scope to include the relations between Computer Science and other dis-

ciplines. We chose to call these two ”inner interdisciplinarity” and ”outer

interdisciplinarity” to help the user correctly interpret the layered approach.

The Force Diagram tells the narrative of evolution at the micro-level, where

the user-audience can follow researchers across time, see the changes in their

main sub�eld of interest, and discover how their trajectories diverge or con-

verge. The Sankey Diagram, instead, serves as the macro-level counterpart,

showing an aggregate �ow of knowledge from Computer Science to exter-

nal scienti�c areas. The Force Diagram also has an intermediary macro-level

perspective (the clusters). Together, they create a complementary story that

moves from the individual level, traversing the internal community level, and

arriving at the broad scienti�c community level, offering a comprehensive

perspective on interdisciplinarity as a complex and layered phenomenon.

6.4 Visual Encoding

Choosing the right encodings is essential to ensure accurate and intuitive visu-

alizations. In the Force Diagram, colors are used to denote different sub�elds,

making it easy to distinguish communities and track changes over time. The

belonging of a node to a cluster encodes the priority of the sub�eld with re-
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spect to the number of publications, while edges capture the co-presence or

“phantom links” between sub�elds. Movement in the simulation reinforces

the perception of structural change, allowing the viewer to perceive interdis-

ciplinarity as a dynamic phenomenon rather than a static structure.

In the Sankey Diagram, �ows represent the strength of interdisciplinary con-

nections between Computer Science sub�elds and external �elds. The width

of each link is proportional to the magnitude of the �ow, allowing users to im-

mediately grasp where the most signi�cant interdisciplinary exchanges take

place. The sub�eld color association here remains consistent with the one

used in the Force Diagram, ensuring visual coherence across the two visual-

izations and strengthening the narrative continuity.

6.5 Interaction Design

Interactivity plays a crucial role in the effectiveness of our visualizations.

Static images cannot fully capture the vast complexity of interdisciplinarity,

whereas interactive features allow users to explore and engage with the data

at their own pace.

Interaction includes the ability to hover over nodes to display metadata about

individual researchers, �lter by established metrics in the research evaluation,

and highlight speci�c groups of authors to see their connections in detail.

These interactive elements make the visualization not only informative but

also exploratory, supporting both quick insights and in-depth analysis.

Time plays a crucial role in the visualization and can be both manually altered

to see desired years or used in autoplay mode, depending on the user needs

and preferences. Another fundamental aspect is the possibility to use both

visualizations in two modes, toggleable with a button:

• Entire career: The selected year shows the data associated with the re-

searcher up to the year.

• Speci�c year: The selected year shows only the data associated with the

researcher in that year, excluding previous data.
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For faster computation, the phantom links can be excluded with a dedicated

button and reintroduced in the same way: we recommend this approach

when information at screen becomes too dense and the movements are visibly

slower than usual.

6.6 Design Rationale

Every design decision was driven by the goal of creating an intuitive and

scienti�cally rigorous tool. The Force Diagram was chosen because network

structures naturally reveal collaboration and overlap, while also providing

�exibility to represent temporal changes. In contrast, the Sankey Diagram

was selected due to its natural ability to represent �ows and proportions (this

is exactly its visual metaphor), which aligns perfectly with the idea of “knowl-

edge �owing” across disciplinary boundaries.

Our choice of using web-based technologies (HTML, CSS, JavaScript, and

D3.js) was motivated by accessibility, portability, and reproducibility, key

aspects when designing an application, particularly important with visu-

alizations. The deployment of the visualizations on GitHub Pages made

the tool publicly available, interactive, and easy to share with both the re-

search community and other stakeholders. The JSON data format provides a

lightweight and �exible way to handle structured outputs from the prepro-

cessing pipeline, facilitating integration with D3.js.

Another fundamental aspect we wanted to obtain was the tool being �eld-

agnostic: there is nothing in the design nor the implementation speci�cally

constrained to the Computer Science �eld and sub�elds. The identical design

approach can be used for other disciplines as well, allowing the creation of

an interdisciplinarity map for each scienti�c domain with little changes and

generalizations in the source code.

Ultimately, our design balances three goals. Clarity ensures that interdisci-

plinarity is visible and understandable. Interactivity gives users the ability to

explore the story. Rigor ensures that visualizations are grounded in reliable

data and appropriate metrics. This combination ensures that visualization is

not only a technical achievement, but also a communicative artifact capable
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of supporting both academic research and public understanding, consistent

with our intention to provide a useful instrument for the support of decision-

making in research policy, academic planning, and funding allocation.
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Implementation

In this chapter, we describe the entire implementation process, from down-

loading the original data to the computation of metrics and visualization. We

report the practical implementation choices used to compute the visualiza-

tions and metrics introduced in the methodology chapter, along with perfor-

mance observations and implementation problems that occurred during the

development. The implementation can be synthesized with the high-level �ux

in Figure 7.1.

Figure 7.1: Flux showing the main steps of the implementation. The Visual-
ization Pipeline is the main part and the most complex.
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7.1 Dataset acquisition and enrichment

After downloading the original dataset, dated 2 September 2025, we enriched

it with the information contained in OpenAlex. To do so, we created different

scripts to capture the following entries, thanks to the OpenAlex authors API:

• OpenAlex ID

• OpenAlex Name

• ORCID

• H-Index

• I10-Index

• Works Count

• Cited By Count

• Institution

Through the OpenAlex works API, we obtained data of all publications of

each author and stored them in another �le. This �le contains a lot of infor-

mation for each work published by the author:

• Title

• Authors

• Authors count

• Institutions

• Year

• Type

• Venue

• Topics (Short Form)

• Topics (Long Form)

• Keywords (Short Form)

• Keywords (Long Form)

• Cites

• Citations

• Citation normalized percentile
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• Citations by Year

• Open Access status

• Language

• Abstract inverted index

From the work �le, we computed for each author:

• Yearly Sub�elds: sub�elds with their count for each year.

• Yearly Fields: couples (sub�elds, �elds) with their count for each year.

• Yearly Topics: couples (topics, sub�elds) with their count for each year.

Notice that in Yearly Topics the couple refers to the topic and the sub�eld

the topic is in, while in Yearly Fields the couple refers to the sub�eld and

the external �eld (different from Computer Science) the sub�eld co-occurs

with. We used these structures to obtain the interdisciplinarity in the designed

visualizations.

7.2 Data pre-processing pipeline

The pipeline used in the data pre-processing makes use of Python as the

main technology and is as follows. We started normalizing the data from the

origianal dataset: this is needed due to the structure of the Cerca Universit �a

data, reporting names and surnames in a single entry and in ASCII, while

OpenAlex uses special characters.

After this preliminary step, we executed a script to extract eventual duplicates,

highlighting multiplicity in entries. In this sense, duplicates can belong to two

categories:

• Same author with different research role: in this scenario, we simply

delete one of the duplicates, because this information is speci�cally used

in Italian academic positions and is not relevant to OpenAlex.

• Different author with the same name: in this scenario, we use sec-

ondary information, like current institution, to spot the right author.
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• Same author in two different periods of their career: in this scenario,

we simply sum the numerical data of the two entries if the time periods

do not overlap.

Luckily, the considered dataset did not contain any duplicates of the second

and third types.

We then proceeded with the bulk download of OpenAlex data through a

script aimed at enriching the dataset. From the enriched data, we also ob-

tained the datasets of articles, which contain all articles written by at least one

author in our original dataset.

Our next step was to process the Field, Sub�eld, and Topic data. To do so, we

executed a script for each of them, obtaining CSV �les that were then merged

to obtain our �nal dataset. The need for a CSV format instead of other formats

such as Excel originated from the length of some entries, exceeding the 32,767

characters per cell limit of Excel. For the Sub�eld in particular, sub�elds were

counted only once even if they appear multiple times in the article due to

the way OpenAlex stores topics data. The same is true with the coupling

Topic-Sub�eld and Sub�eld-Field in the Topic extractor and Field extractor,

respectively.

We concluded our data pre-processing with a conversion from CSV to JSON

format. The hierarchical format of JSON is natural for our data because they

also have hierarchical components, allowing an intuitive implementation in

our visualizations.

7.3 Visualization pipeline

We implemented the system as a browser-based application using JavaScript

script and D3.js for data-driven rendering. The visualization pipeline is the

central component of this system and is responsible for transforming the

JSON data into interactive graphical representations.

The pipeline follows this structure:
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• Data extraction

• Temporal Aggregation

• Visualization Structures

• Metric computation

• Rendering

The update cycle is invoked inside functions like updateNodeSelection() ,

updateClustersAndLables() and updatePhantoms() for the Force Diagram

components, and updateSankey() for the Sankey Diagram.

7.3.1 Data extraction

The �rst stage of the pipeline is to extract the input data provided in the JSON

obtained at the end of the pre-processing. Each object contains three branches:

• Yearly Subfields holds mappings from years to counts of publications

in sub�elds. This structure is used when the visualization requires only

sub�eld information, such as in the Force Diagram.

• Yearly Fields holds mappings from years to counts of publications that

bridge sub�elds and external �elds encoded as "Subfield---Field" .

This structure is required for constructing the Sankey Diagram, since

it explicitly encodes �ows between sub�elds and broader disciplinary

�elds.

• Yearly Topics holds mappings from years to counts of publications in

each topic, linked to the relevant sub�eld the topic belongs to, encoded

as "Subfield---Topic" . This structure is used in the side panel with

the in-depth information of speci�c authors.

At runtime, the pipeline inspects which visualization is active and extracts

the corresponding branch of the JSON object. For the Force Diagram, only

Yearly Subfields branch is read, while the Sankey Diagram requires only

the Yearly Fields branch. This separation allows both views to be computed

independently. Importantly, this stage does not yet aggregate or transform the

counts, but simply selects the correct path of the dataset for the subsequent

stage.
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7.3.2 Temporal Aggregation

After extraction, we align the counts with the temporal �lter selected by the

user. We devised and support two distinct modes:

• Entire Career: The default mode. In this case, counts are aggregated

cumulatively from the earliest available year up to and including the

current year. The implementation iterates through all available years

in chronological order, summing the counts for each category into a

cumulative dictionary. For example, if the current year is 2020, then

counts from the oldest date through 2020 are added together.

• Speci�c Year: In this case, only the counts associated with the currently

selected year through the slider are considered. For example, if the year

is set to 2020, the system directly reads the distribution of "2020" from

the relevant JSON branch. This provides a snapshot of interdisciplinar-

ity at that point in time.

The temporal aggregation is implemented as a loop over the yearly keys of

the JSON object. For each year, the system checks whether it should be in-

cluded and, if so, the counts are added to a running accumulator. The result

is a dictionary of category counts that re�ects either a single year or an en-

tire career trajectory. This mechanism ensures that temporal exploration is

consistent across both the Force Diagram and the Sankey Diagram.

7.3.3 Visualization Structures

Once the data have been aggregated, we transform them into a suitable struc-

ture for the D3.js algorithms. The transformation process differs between the

two visualization modes.

7.3.3.1 Force Diagram structures

For the Force Diagram, the aggregated sub�eld distribution is converted into

a structure with nodes and edges. There is a node per author and each node

contains attributes such as name, publication count, and other pieces of in-

formation regarding the author. Each node has an assigned color depending

on the main sub�eld the node is assigned to. The edges are ”phantom links”

that show secondary research interests.
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This structure is required by the D3 force simulation. The forceLink compo-

nent enforces proportional distances between linked entities, while repulsion

is provided by forceManyBody, preventing overlap, and forceCollide ensures

that nodes maintain a minimum distance. The output of the transformation

stage is thus a graph that encodes inner interdisciplinary activity in a form

that can be digested by the layout engine.

7.3.3.2 Sankey Diagram structures

For the Sankey Diagram, the aggregated distribution of sub�eld-�eld pairs

is parsed into a structure similar to the one of the Force Diagram. In this

case, nodes are all unique sub�elds and �elds with their positional attributes.

Edges are each"Subfield---Field" pair, with a value equal to the associated

count. By design, the Sankey layout of D3.js arranges sub�elds along one

layer and �elds along another, ensuring clear directional �ow.

7.3.4 Metric computation

In parallel with the preparation of visualization data, the pipeline computes

interdisciplinarity metrics from the same aggregated counts. The metrics are

de�ned

7.3.5 Rendering

Rendering is the stage where transformed structures are drawn into the SVG

canvas. This is achieved through D3 with .data().join() mechanism, which

binds arrays of nodes and links to visual elements.

7.3.5.1 Force Diagram rendering

The nodes are drawn as <circle> elements positioned at (x, y) coordinates

produced by the force simulation. Edges are drawn as <line> elements, with

stroke width computed as illustrated in the ”phantom link” de�nition pro-

vided in the Methods chapter. Colors are assigned via a categorical scale to

distinguish su�elds and have consistency between visualizations. Labels are

placed next to nodes, aligned to minimize overlap.
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7.3.5.2 Sankey Diagram rendering

The nodes are drawn as <rect> elements at the coordinates (x0, y0) com-

puted by the Sankey layout. Edges are drawn as <path> elements following

cubic Bézier curves from source to target. Each link is styled with a gradient

that blends the colors of the source and target nodes, strengthening the �ow

metaphor. Labels are added to nodes, with alignment logic depending on

whether the node belongs to the left (sub�eld) or right (�eld) layer.

Rendering is a destructive process in the sense that previous elements are

cleared with .remove() before new elements are appended. This process

ensures that visualizations do not accumulate outdated elements as the user

navigates the years or modes.

7.3.6 Update cycle

Whenever the user interacts with the year slider, the aggregation mode toggle

or a �lter is applied, the following cycle is executed:

1. Clear previous SVG elements.

2. Extract and aggregate data according to the current state.

3. Recompute metrics.

4. Regenerate the Force View or Sankey Diagram layout.

5. Redraw nodes, links, and labels.

6. Update numerical metric panels.

This cycle ensures that the Force View, Sankey Diagram, and metrics remain

synchronized with the active temporal �lter.

7.4 Performance and optimization

The visualization pipeline is designed for interactivity, but handling large-

scale JSON data across multiple authors and years introduces non-trivial per-

formance challenges. Since every user interaction re-executes the pipeline,

optimization at the data-level was required to ensure responsiveness.
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The primary bottleneck is the aggregation of yearly data between authors.

Without optimization, the ”Entire Career” mode required re-iterating through

all years for each update, which was prohibitive for our dataset due to it

spanning many decades. To address this, we used two techniques:

• Caching of cumulative counts: Once cumulative values up to a given

year are computed, they are stored and reused for later years, preventing

redundant re-computation.

• Dictionary-based accumulation: Instead of nested arrays, counts are ag-

gregated using plain JavaScript objects with constant-time lookups, re-

ducing overhead from object creation and garbage collection.

These optimizations reduced the aggregation stage from quadratic complexity

(years � authors � categories) to nearly liner in the number of authors.

Another performance improvement, at the rendering level, is the possibility

to manually deactivate phantom links in the Force Diagram, allowing smooth

execution when computing the clusters. A good rule of thumb when dealing

with years with many author points is to compute the clusters with hidden

phantom links and activate them only after, in order to observe the inner

interdisciplinarity phenomenon.

7.5 Metrics validation

The validation process is implemented as a sequence of computational checks

performed on the same JSON dataset used for visualization. We performed

our validation in Python, de�ning the metrics �� and $� in a function

interdisciplinarity from counts() that could be used for both inner and

outer interdisciplinarity, and comparing them with Shannon entropy and

Simpson diversity index. We then uploaded our dataset and performed our

validation work�ow on it, obtaining the statistical results of the validation

process.
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7.6 Implementation issues

The Cerca Universit �a dataset and the information stored in OpenAlex are

related using the full name of the author as an identi�er, leading to problems

when an alias is incorrectly assigned by OpenAlex to an author. For example,

sometimes OpenAlex may incorrectly associate the ”Mario Rossi” alias to ”M.

Rossi”, where this may be the main research name of a different individual

named ”Matteo Rossi”.

This behavior can be avoided by using the ORCID as a unique identi�er,

but because many papers do not contain ORCID of the authors but simply

their names or aliases of them, this solution can not be applied in general.

Furthermore, Cerca Universit �a does not contain the ORCID itself.

If two authors are merged in OpenAlex itself, there is no way to distinguish

between them without considering an in-depth analysis of each paper. In

this scenario, a partial solution can be checking the number of publications

associated with the author and then trying to deduce whether the number is

coherent or in�ated, excluding these entries.
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Results

This chapter presents the outputs of the analysis, organized by visualization

type and metric results. We illustrate key patterns in career evolution, disci-

plinary overlap, and knowledge �ows, providing a comprehensive picture of

interdisciplinarity in Italian Computer Science research. The following sec-

tions include both visual representations and numerical summaries in order

to support a detailed understanding of interdisciplinarity.

8.1 Interface

The interface we obtain is presented in Figure 8.1. The left panels let the

user interact with the visualization freely: authors can be �ltered via well-

established metrics by inserting the values into the corresponding �lter and

pressing the Apply button, while the Reset button can be used to delete every

�ltering option. The Hide Phantom button is on the top and works only when

the Force Diagram is shown. The Switch to Sankey button can be pressed

to change the visualization, and it becomes a Switch to Force button if the

Sankey is shown.

Below the interactive panel, there is the visualizer for interdisciplinarity met-

rics, showing inner interdisciplinarity when the Force Diagram is on screen

and outer interdisciplinarity when there is the Sankey Diagram.
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Figure 8.1: User interface. On the left, the interactive panel. On the bottom,
the time slider.

If the user hovers over a point in the Force Diagram, a tooltip as presented in

Figure 8.2 appears, showing information about the author. Below the name,

the Main sub�eld is shown (it is the same of the cluster the author belongs to),

and an individual measure of inner interdisciplinarity is computed. Sub�eld

Occurrences are represented in a compact way through an horizontal barplot,

color-coded in the same manner as the clusters and ranked from the most to

the least participated.

It is also possible to further explore the author: by clicking the point instead of

just hovering, a side panel like the one shown in Figure 8.3 opens on the right

part of the screen. This view allows the user to discover more details about

the researcher, like their institution and their bibliometric measures (H-Index,

I10-Index, Citations and total Works Count). We also inserted the ORCID

of the author to allow the user to check if our data are correct, and a direct

link to the OpenAlex page of the author, containing all information regarding
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Figure 8.2: Tooltip of an author.

their publications. But the most important aspect of the side panel is the list

of topics: it is an exhaustive list of every Computer Science topic (each with

its count) in which the author worked, divided into sub�elds. This structure

is not computed in OpenAlex but from this visualization can be exploited

to describe in a very precise way a researcher without the need to explicitly

navigate their papers.

8.2 Overview of Results

We analyzed publication data from 1,237 Italian researchers in the Computer

Science �eld, spanning up to 2025. The dataset includes yearly counts of pub-

lications per sub�eld, co-occurrences of sub�elds with external �elds, and

topic-level associations for individual researchers. Using these data, we pro-

duced two main visualizations: the Force Diagram, representing inner inter-

disciplinarity within Computer Science, and the Sankey Diagram, represent-

ing outer interdisciplinarity between Computer Science and other scienti�c

�elds.

The labels of the Force Diagram are the following, each representing a sub�eld

of Computer Science according to the topic structure of OpenAlex, presented

in clockwise order:
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Figure 8.3: Sidebar of an author.

• AI - Arti�cial Intelligence

• CT & Math - Computational Theory and Mathematics

• CG & CAD - Computer Graphics and Computer-Aided Design

• Net & Comm - Computer Networks and Communications
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• CS App - Computer Science Applications

• CV & PR - Computer Vision and Pattern Recognition

• HW & Arch - Hardware and Architecture

• HCI - Human-Computer Interaction

• Info Sys - Information Systems

• Signal - Signal Processing

• Software - Software

The Force Diagram encodes authors as nodes and sub�elds as clusters, with

edges capturing co-presence in multiple sub�elds. This layout allows for vi-

sualizing career trajectories, temporal evolution, and sub�eld overlap at the

individual level. The Sankey Diagram, in contrast, abstracts the analysis to

the community level, showing �ows from Computer Science sub�elds to ex-

ternal �elds. Each link width corresponds to the number of publications that

bridge a given sub�eld to an external �eld, providing a clear depiction of

disciplinary interactions over time.

In addition to the visualizations, we computed two interdisciplinarity metrics

for each researcher and year. Inner interdisciplinarity measures the diversity

of sub�eld engagement within the Computer Science domain, while outer in-

terdisciplinarity quanti�es connections to other scienti�c �elds. Both metrics

were aggregated to obtain annual summaries, allowing observation of trends

and changes at both individual and community levels.

8.3 Visualization Outputs

We computed the Force Diagram for the year 2025 relative to the Entire

Career mode, as shown in Figure 8.4. The nodes represent individual re-

searchers, and the colors encode their primary sub�eld. Edges represent co-

presence across multiple sub�elds, revealing authors who engage in diverse

areas of research. In this snapshot, several clusters appear, corresponding

to well-established sub�elds such as Arti�cial Intelligence, Computer Vision,

and Human-Computer Interaction, extracted from the topic structure of Ope-

nAlex.
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Figure 8.4: Force Diagram for 2025. Nodes represent researchers, colored by
primary sub�eld. Edges indicate co-presence across sub�elds. Dense clusters
correspond to sub�elds with high publication activity. Bridging authors con-
nect multiple clusters, highlighting inner interdisciplinarity.

Figure 8.5 displays the Sankey Diagram for 2025, highlighting the outer inter-

disciplinarity of Italian Computer Science researchers. The nodes on the left

layer represent Computer Science sub�elds, while the right layer corresponds

to external scienti�c �elds. Link widths are proportional to the number of

publications that bridge the respective sub�eld and external �eld.

We also computed the Force Diagram for the Speci�c Year 2025, illustrated

in Figure 8.6, and the Sankey Diagram for the Speci�c Year 2025, shown in

Figure 8.7. The information presented in these two graphs complements the

one relative to the entire career and tells the user what is the situation in the

research interdisciplinarity panorama at a speci�c moment.
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Figure 8.5: Sankey Diagram for 2025. Left nodes are Computer Science sub-
�elds, while right nodes are external �elds. Link widths represent publication
volume.

8.4 Metrics Results

We computed both inner and outer interdisciplinarity indices to quantify the

diversity of research activities at the individual and community levels. Inner

interdisciplinarity measures the extent to which a single researcher engages

across multiple sub�elds within Computer Science. Outer interdisciplinarity

evaluates the engagement of sub�elds with external scienti�c domains. These

metrics allow for a systematic analysis of temporal trends and distributional

patterns in the dataset.

The correlation analysis performed in the validation of the metrics con�rmed

the correlation between �� and Shannon Entropy or between �� and Simpson

Diversity Index, and the same holds for $� .
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Figure 8.6: Force Diagram for 2025, Speci�c Year mode.

8.4.1 Inner Interdisciplinarity

Figure 8.1 shows how the inner interdisciplinarity index evolved from 2000

to 2025, considering the entire dataset in both Speci�c Year and Entire Career

modes. The increasing trend in the data suggest that Italian Computer Science

researchers have progressively diversi�ed their contributions across multiple

sub�elds.

8.4.2 Outer Interdisciplinarity

Outer interdisciplinarity metrics were computed for each sub�eld by mea-

suring the diversity of collaborations with external scienti�c �elds. Table 8.2

shows the temporal evolution of the outer interdisciplinarity index. The trend
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Figure 8.7: Sankey Diagram for 2025, Speci�c Year mode.

shows a marginal increase with very high percentages, re�ecting a broader

interaction of Computer Science sub�elds with other domains.

The metrics results quantitatively con�rm the patterns observed in the vi-

sualization output. In particular, from the trend emerges that the interdis-

ciplinarity stabilizes differently for inner and outer components, the latter

being present in more than 90% of the works in the Computer Science aca-

demic production, while almost 70% of the works present some form of in-

ternal interdisciplinar contamination. From these results, we can con�rm that

the inner and outer interdisciplinarity indices provide complementary per-

spectives, revealing how the community interacts with itself and with other

scienti�c communities.
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8.5 Case Study: University of Genoa

To show how it is possible to perform observations and analysis using the

designed visualizations, we computed a �ltered version of both the Force

Diagram and the Sankey Diagram, which contains the data of researchers in

Computer Science whose institution is the University of Genoa. An in-depth

analysis can be found in Appendix A.
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Inner Interdisciplinarity
Year Speci�c Year Entire Career
2000 67.7% 65.3%
2001 68.0% 65.8%
2002 70.4% 66.8%
2003 69.4% 67.3%
2004 70.5% 67.9%
2005 68.8% 68.0%
2006 71.2% 68.5%
2007 69.1% 68.6%
2008 69.9% 68.7%
2009 68.9% 68.7%
2010 68.9% 68.7%
2011 70.1% 68.9%
2012 71.4% 69.1%
2013 68.8% 69.1%
2014 71.0% 69.3%
2015 69.8% 69.3%
2016 70.2% 69.4%
2017 71.5% 69.6%
2018 70.9% 69.7%
2019 69.0% 69.6%
2020 68.7% 69.5%
2021 67.4% 69.4%
2022 67.2% 69.3%
2023 67.0% 69.1%
2024 67.1% 69.0%
2025 67.0% 69.0%

Table 8.1: Evolution of inner interdisciplinarity from 2000 to 2025.
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Outer Interdisciplinarity
Year Speci�c Year Entire Career
2000 91.0% 92.7%
2001 92.1% 93.1%
2002 92.3% 93.4%
2003 92.9% 93.4%
2004 92.4% 93.4%
2005 89.4% 93.1%
2006 91.3% 92.8%
2007 88.4% 92.1%
2008 90.2% 91.9%
2009 90.9% 91.7%
2010 90.8% 91.6%
2011 92.4% 91.9%
2012 90.2% 92.1%
2013 93.8% 92.3%
2014 93.8% 92.4%
2015 92.6% 92.7%
2016 93.2% 93.0%
2017 92.8% 93.2%
2018 93.1% 93.4%
2019 92.2% 93.4%
2020 92.7% 93.5%
2021 92.5% 93.6%
2022 92.0% 93.5%
2023 93.5% 93.5%
2024 93.8% 93.6%
2025 91.5% 93.6%

Table 8.2: Evolution of outer interdisciplinarity from 2000 to 2025.
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Discussion

In this chapter, we present a brief discussion of the results, inferring informa-

tion from the visualizations and from the computed metrics.

9.1 Interpretation of Inner Interdisciplinarity

The Force Diagram provides a detailed view of research engagement across

sub�elds of Computer Science over time. Observing the evolution of the

diagram, several patterns emerge that illuminate the dynamics of inner inter-

disciplinarity.

We can see how strong relations exist between certain sub�elds and that some

of them are stronger than others. Arti�cial Intelligence is a predominant sub-

�eld, with a number of OpenAlex topics second only to the one of Information

Systems (as shown in Table 9.1) but there are more authors who share it as

main interest, as shown by the amount of AI dots in the Force Diagram graphs

like the one in Figure 8.4.

We can infer some relations, many of which can be seen as natural and intu-

tive:

• Arti�cial Intelligence is strongly related to Computer Vision and Pattern

Recognition sub�eld, due to the second using many algorithms based
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on machine learning and deep learning.

• Arti�cial Intelligence, Information Systems and Networks and Commu-

nications are all highly participated, with AI alone being the main in-

terest for almost half of the entire community, and share very strong

co-presence in the same authors.

• Hardware and Architecture appears as strongly related with Networks

and Communications and with Computational Theory and Mathemat-

ics, despite in the last years these two relations started to fade, while

the one with Arti�cial Intelligence is growing. This may suggest an aca-

demic interest in hardware with integrated arti�cial intelligence tech-

nologies and dedicated architectures, in a way that is coherent with the

industry evolution.

• Signal Processing lives with Computer Vision and Pattern Recognition,

Arti�cial Intelligence, Networks and Communications, Computer The-

ory and Mathematics, and Software, suggesting a very broad rather than

vertical and unidirectional co-presence.

• Computer Science Applications in the last years related strongly with

Information Systems and Arti�cial Intelligence in an almost exclusive

way. Due to the intrinsic interdisciplinary nature of the Computer Sci-

ence Applications sub�eld, this may be a marker for enhanced interdis-

ciplinarity potential of these two sub�elds.

• Computer Graphics and Computer-Aided Design is very low repre-

sented as a main interest, probably because it has the least number

of topics assigned in OpenAlex. Interestingly though, it shows very

little co-presence with everything that is not Computer Vision and Pat-

tern Recognition, suggesting maybe some scienti�c and/or social phe-

nomenon that leads these researchers to seek cooperation mainly with

themselves or elsewhere external to the Computer Science community.

Additionally, the visualization reveals that certain authors maintain stable

primary sub�elds while gradually adding secondary sub�elds, forming a

hub-and-spoke pattern in the Force Diagram. This pattern indicates that

researchers tend to consolidate expertise in one main sub�eld but continue

to engage in cross-sub�eld collaborations, leading to moderate inner inter-

disciplinarity values that increase slowly with career progression. Not all

researchers follow this path, though: we observed cases in which the author
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OpenAlex Computer Science Topics (2 September 2025)
Sub�eld Topics
Information Systems 78
Arti�cial Intelligence 77
Computer Networks and Communications 43
Computational Vision and Pattern Recognition 35
Computational Theory and Mathematics 24
Computer Science Applications 10
Signal Processing 10
Human-Computer Interaction 8
Hardware and Architecture 8
Software 5
Computer Graphics and Computer-Aided Design 4

Table 9.1: Counts of topics OpenAlex associate to Computer Science sub�elds.
These data are relative to the time of extraction, 2 September 2025.

diversi�es its work between two �elds almost equally. It is also worth men-

tioning that researchers focusing almost exclusively on their main sub�eld

still exist and are present in the dataset.

Cluster analysis in the Force Diagram also highlights that some sub�elds are

very prone to internal diversi�cation. For example, Arti�cial Intelligence and

Computer Vision clusters contain many authors with multiple connections,

suggesting that these areas naturally promote cross-sub�eld research.

Temporal trends extracted from the inner interdisciplinarity metrics align

with the Force Diagram observations. The gradual increase in mean and me-

dian values over time con�rms that diversi�cation is a persistent phenomenon

rather than an artifact of a few outlier researchers. A subset of researchers ex-

hibits exceptionally broad engagement, acting as interdisciplinary connectors

within the Italian Computer Science community.

Overall, the Force Diagram effectively illustrates both individual trajectories

and systemic patterns. The combination of node positioning, edge connec-

tions, and temporal animation provides an intuitive representation of inner in-

terdisciplinarity. These insights suggest that early exploration, cluster-speci�c

trends, and long-term consolidation are key drivers of inner interdisciplinar-

ity.
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9.2 Interpretation of Outer Interdisciplinarity

The Sankey Diagram provides a macro-level view of how Computer Science

sub�elds in Italian resarch interact with other scienti�c disciplines. The nodes

on the left represent Computer Science sub�elds while the nodes on the right

represent external �elds. The width of the links corresponds to the number

of publications bridging sub�elds and external �elds, allowing for immediate

identi�cation of dominant �ows.

From the Sankey Diagram in Figure 8.5, we can see that different sub�elds

contribute differently to external �elds. Some considerations can be made:

• Of all 25 external �elds that can be seen in the 2025 snapshot (Entire Ca-

reer mode), Engineering is by far the most related to Computer Science

in general, and is well-participated by all of Computer Science sub�elds,

with Computer Networks and Communications and Computer Vision

and Pattern Recognition exhibiting a particularly strong relation.

• Other strongly related �elds are: Biochemistry, Genetic and Molecular

Biology; Business, Management and Accounting; Neuroscience; Social

Sciences; Psychology; Physics and Astronomy; Decision Sciences.

• Both Decision Sciences and Social Sciences greatly bene�t from Arti�cial

Intelligence in terms of amount of production, covering almost half of

the interdisciplinarity. The participation of Arti�cial Intelligence in Bio-

chemitry, Genetics and Molecular Biology, and Medicine is more than

half of the entire Computer Science participation in these �elds.

• Material Sciences, Health Professions, Chemistry, Economics, Economet-

rics and Finance also seem to be greatly contributed by Arti�cial Intelli-

gence, suggesting an innate and highly interdisciplinary role of Arti�cial

Intelligence in general.

• Computer Science Applications tends to cover many external �elds, but

without an exclusive focus on one in particular, suggesting how digital-

ization processes and technological transformations are still transform-

ing scienti�c processes, production, and themes in all of the scienti�c

domains.

Temporal analysis of the Sankey �ows reveals an evolution in knowledge dif-
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fusion patterns. Over the last two decades, the width of links between Com-

puter Science sub�elds and Medicine, Neuroscience, Psychology, and Deci-

sion Sciences has increased, highlighting the growing role of computational

methods. This trend aligns with the broader literature reporting the emer-

gence of computational biology, medical imaging, and AI-driven diagnostics.

The diagram also highlights asymmetries in cross-�eld interactions. Some ex-

ternal �elds, such as Psychology or Arts and Humanities, receive high contri-

butions by certain niche sub�elds, like Human-Computer Interaction, that act

as bridges connecting these �elds. These bridging sub�elds play a key role in

fostering interdisciplinary collaborations and knowledge transfer across tra-

ditionally distant domains.

By combining link width, node color, and directional �ow, the Sankey Di-

agram conveys both the magnitude and structure of interdisciplinary ex-

changes. The visualization con�rms that outer interdisciplinarity is not uni-

formly distributed across sub�elds, but instead concentrated in areas that are

inherently integrative or have methodological applicability to other domains.

These insights suggest that policy or funding decisions aimed at promoting

cross-disciplinary research could focus on these high-connection sub�elds to

maximize knowledge diffusion and collaboration.

Overall, the Sankey Diagram serves as a powerful tool for understanding the

ecosystem of disciplinary interactions. It provides evidence of which sub�elds

drive interdisciplinary collaboration and how research trajectories in Com-

puter Science extend their in�uence into other scienti�c domains, reinforcing

the complementary perspective with the inner interdisciplinarity analysis de-

rived from the Force Diagram.

9.3 Metrics Analysis

The computed metrics for inner and outer interdisciplinarity complement the

visual insights provided by the Force and Sankey diagrams. Inner interdisci-

plinarity, measured at the level of individual authors, quanti�es the diversity

of sub�elds in which a researcher is active over their career or in a speci�c

year. Outer interdisciplinarity captures the degree to which sub�elds engage
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with external scienti�c �elds. By analyzing these metrics alongside the visu-

alizations, we can identify patterns and correlations that are not immediately

apparent from a purely qualitative inspection.

We found that authors with high inner interdisciplinarity often correspond to

nodes in the Force Diagram that exhibit multiple “phantom links,” indicating

cross-sub�eld activity. Early-career researchers tend to display a rapid in-

crease in inner interdisciplinarity, which aligns with the observation that they

experiment with different sub�elds before focusing their research trajectory.

In contrast, senior researchers often show stable inner interdisciplinarity val-

ues, re�ecting specialization in their established sub�elds while maintaining

occasional cross-disciplinary contributions.

The analysis also revealed anomalies. Some authors with seemingly high

inner interdisciplinarity had limited outer interdisciplinarity, suggesting that

their cross-sub�eld activity occurs primarily within Computer Science. Other

authors with low inner interdisciplinarity scored high in outer interdisci-

plinarity due to strategic collaborations spanning to other scienti�c areas.

These observations highlight that inner and outer interdisciplinarity capture

complementary aspects of research behavior and we can not consider only

one of the two to explain interdisciplinarity phenomena.

Potential biases in the metrics arise from the data source and the aggregation

methods. For example, sub�elds with few publications might have dispropor-

tionately high or low metric values due to sparse data. Similarly, the coupling

of sub�elds to external �elds relies on accurate classi�cation in OpenAlex, and

misassignments could distort outer interdisciplinarity measurements. Despite

these limitations, the metrics provide a consistent and interpretable quanti�-

cation of interdisciplinarity that aligns with visual patterns observed in both

the Force and Sankey diagrams.

In conclusion, the combination of metrics and visualizations enables a solid

understanding of interdisciplinarity. By linking quantitative measures with

structural patterns in the visual outputs, we identify both typical trajectories

and exceptional behaviors, offering a comprehensive framework for analyzing

the multi-layered nature of research activity in the Italian Computer Science

community.
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9.4 Integration

By combining insights from both visualizations and metrics, we obtain a

comprehensive view of interdisciplinarity in the Italian Computer Science re-

search community. Integration of both layers reveals that inner and outer in-

terdisciplinarity is related but not synonymous. Researchers with high inner

interdisciplinarity do not always exhibit high outer interdisciplinarity; their

cross-sub�eld activity may remain within the domain of Computer Science.

In contrast, some sub�elds or authors may maintain moderate inner diversity

while engaging extensively with external disciplines, generating high outer

interdisciplinarity. This distinction highlights the complementary nature of

the two metrics and visualizations: one focuses on breadth of expertise within

the domain, the other on the breadth of interaction beyond it.

In general, the combined analysis supports a layered narrative of interdisci-

plinarity. The inner layer illuminates the micro-level dynamics of individual

careers, whereas the outer layer captures the macro-level exchange of knowl-

edge between disciplines. Together, they provide a coherent and interpretable

framework for understanding how knowledge production and dissemination

unfold across both time and disciplinary boundaries in the Italian Computer

Science community.
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Chapter 10

Conclusions and Future Work

10.1 Conclusions

The primary goal of this work was to develop a methodology and visualiza-

tion framework to analyze and communicate interdisciplinarity among Italian

Computer Science researchers. We focused on both the micro-level dynamics

of individual careers and the macro-level �ows connecting sub�elds to other

scienti�c disciplines.

Our analysis of inner interdisciplinarity revealed that many researchers en-

gage in multiple sub�elds throughout their careers. Early-career researchers

tend to diversify more rapidly, while established researchers often consolidate

their expertise in speci�c areas. The Force Diagram effectively captures these

trajectories, allowing the observation of clusters, overlaps, and co-presence

patterns that align closely with the computed inner interdisciplinarity met-

rics.

Outer interdisciplinarity analysis highlighted the patterns of interaction be-

tween the Computer Science sub�elds and external disciplines. The Sankey

Diagram demonstrated that certain sub�elds, such as Computer Vision and

Human-Computer Interaction, maintain broader connections to other scien-

ti�c domains, while others remain more internally focused. These patterns

corresponded to outer interdisciplinarity, con�rming that metrics and visual-

izations consistently represent real patterns in the �ow of knowledge.
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The visualization pipeline itself represents the major contribution. It in-

tegrates temporal aggregation, interactive exploration, and multi-level rep-

resentations to communicate complex relationships clearly. By combining

Force and Sankey Diagrams with computed metrics, the system provides both

quantitative and qualitative insights into interdisciplinarity. The approach is

generalizable, allowing application to other �elds and datasets with minimal

adjustments.

This thesis demonstrates that a layered visualization and metric framework

can reveal complex dynamics of interdisciplinary research, providing action-

able insights for researchers, institutions, and policymakers. The work bridges

the gap between individual-level analysis and community-level knowledge

�ows, offering a coherent toolset for understanding and exploring interdisci-

plinarity in academia.

10.2 Implications

The �ndings of this thesis have signi�cant implications for the evaluation of

research, science policy, and community analysis. By quantifying both in-

ner and outer interdisciplinarity, the framework provides a new view of re-

searcher behavior and knowledge diffusion that extends beyond simple pub-

lication counts or citation metrics. Institutions and funding agencies can use

these insights to identify areas of high cross-sub�eld engagement, prioritize

support for emerging interdisciplinary collaborations, and design incentives

that encourage knowledge integration across disciplinary boundaries.

At the community level, the visualizations offer a clear depiction of structural

patterns, such as clusters of tightly connected sub�elds or dominant �ows

into external disciplines. Understanding these patterns can inform strategic

planning in universities and research centers, highlighting sub�elds that act

as hubs of interdisciplinary interaction. The identi�cation of highly connected

sub�elds also suggests where targeted interventions or collaborations might

have the greatest impact on knowledge diffusion.

In addition, the methodology supports the evaluation of individual career tra-

jectories in the context of broader disciplinary trends. Early diversi�cation, for
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example, may be recognized as a predictor of future research impact, while

sustained specialization can re�ect consolidation of expertise. By providing

a combined metric-visual perspective, the framework allows for balanced as-

sessments that consider both the depth and breadth of scholarly activity.

It is important to note that the approach we devised is generalizable to other

�elds, enabling cross-disciplinary comparisons and the development of new

benchmarks for interdisciplinary engagement. This contributes to a broader

understanding of how scienti�c knowledge propagates, offering an advanced

set of tools for policy-makers and academic leaders to foster innovation and

collaboration across the research ecosystem.

10.3 Limitations

The present study faces some limitations related to data, metrics, and visual-

ization. First, the dataset relies on the author names to link the information

between Cerca Universit �a and OpenAlex, and ORCID coverage is partial. This

introduces potential misattributions, where publications may be incorrectly

assigned to authors or some authors may be underrepresented. Although

mitigation strategies were applied, such as cross-checking institutions and

cumulative counts, residual inaccuracies may persist.

Second, the metrics for inner and outer interdisciplinarity are based on as-

sumptions about the mapping of sub�elds, �elds, and topics. The choice of

counting schemes, aggregation methods, and temporal alignment in�uences

the metric values. These assumptions are appropriate for the current dataset

but may not fully capture the complexity of interdisciplinary behavior in other

contexts or for authors with highly heterogeneous publication patterns.

Third, visualization constraints impose limitations on interpretability. The

Force Diagram and Sankey Diagram provide intuitive representations of net-

work structure and knowledge �ows, but they abstract over �ner details such

as multi-authored papers with unequal contributions, temporal granularity

below one year, and rare sub�elds with low publication counts. Dense net-

works may also reduce clarity despite interactive �ltering and phantom link

control.
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Despite these limitations, the combination of metrics and visualization offers a

robust framework to explore interdisciplinarity patterns, providing actionable

insights while acknowledging the boundaries of the current data and design

choices.

10.4 Future Work

Several paths exist to extend the present study and enhance the exploration of

interdisciplinarity. First, the methodology and visualization pipeline can be

applied to other scienti�c disciplines beyond Computer Science. This would

allow comparative studies across �elds, revealing differences in interdisci-

plinary patterns and providing insight into broader research ecosystems.

Second, the metrics for inner and outer interdisciplinarity can be re�ned. In

the present thesis, we chose metrics with the idea of showing that it is pos-

sible to de�ne them without resorting to publication data directly. Future

work could incorporate weighted contributions, normalization of the publi-

cation volume over years, or explore alternative and more complex diversity

indices. These improvements would increase the granularity and accuracy of

the measurements.

Third, visualization interactivity can be expanded. Potential enhancements

include dynamic clustering algorithms, improved �ltering mechanisms for

dense networks, and other real-time animations to show the evolution of au-

thor trajectories and disciplinary �ows more intuitively. The data visualiza-

tions presented in this work would become part of a heterogeneous research

exploration and evaluation dashboard.

Additionally, integrating richer metadata such as institutional collaborations,

citation networks, funding information, geographic context, or relevant socio-

political information would provide a multi-dimensional perspective on inter-

disciplinarity. Such data could support policy analysis, research evaluation,

and collaborative planning.

Finally, longitudinal studies that extend beyond the current dataset could in-

vestigate temporal trends in interdisciplinarity over decades, allowing evalu-
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ation of changes in research focus, emerging sub�elds, and cross-disciplinary

in�uences. These extensions would strengthen the generalizability and appli-

cability of the current framework, enabling a comprehensive mapping of the

research dynamics across disciplines and time.
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Appendix A

Visualizing University of Genoa

This appendix shows the visualizations relative to the Computer Science com-

munity in the University of Genoa. As in the Result chapter, we illustrate key

patterns in career evolution, disciplinary overlap, and knowledge �ows. The

following sections include both visual representations and numerical sum-

maries.

A.1 Inner Interdisciplinarity

Our dataset contains publication data from 25 researchers in the Computer

Science �eld af�liated with the University of Genoa. Using these data, we

produced the Force Diagram and the Sankey Diagram as in the general sce-

nario.

With only 25 entries, the interdisciplinary relationships are evident in Figure

A.1. Arti�cial Intelligence is the predominant sub�eld, followed by Computer

Vision and Pattern Recognition, with 60% of the whole community having one

of these two clusters as their main scienti�c interest. Importantly, the num-

ber of researchers having Computer Graphics and Computer-Aided Design

as the main sub�eld is 12% of the community, corresponding to 3 authors:

this is a very high number compared to the entire Italian Computer Science

community in Figure 8.4, with only 7 researchers in this cluster (0.7% of the

total).
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Focusing on the phantom links, we can see how the strongest relations seen in

the general scenario tend to persist also in this case, with Arti�cial Intelligence

being strongly related to Computer Vision and Pattern Recognition, Network

and Communications, Information Systems, and Computational Theory and

Mathematics.

Despite this expected behavior, the Force Diagram also illustrates interesting

anomalies with respect to the broad Italian Computer Science community. For

instance, we can notice how Signal Processing relates weakly with Computer

Vision and Pattern Recognition, while the link between Human-Computer

Interaction and Computer Vision and Pattern Recognition is enhanced.

Differences from the general scenario may suggest not only a different dis-

tribution across the research interests, but also peculiarities in how the Uni-

versity of Genoa community approaches interdisciplinary research, leading

to the idea that local interdisciplinarity is a phenomenon that diverges from

global interdisciplinarity and needs a dedicated in-depth analysis.

A.2 Inner Interdisciplinarity

Figure A.2 displays the Sankey Diagram for 2025, highlighting the outer inter-

disciplinarity of Computer Science researchers af�liated with the University

of Genoa.

From the Sankey Diagram in Figure A.2, we can understand that also the

outer interdisciplinarity in the University of Genoa behaves differently from

the one of the whole Italian Computer Science community, the �rst and most

evident divergence being the prevalence of Computer Vision and Pattern

Recognition as the �eld with more cross-disciplinar presence instead of Arti-

�cial Intelligence shown in Figure 8.5.

Also, Computer Graphics and Computer-Aided Design is much more present

in this speci�c community, with an almost exclusive interdisciplinary relation

with Engineering. Some external �elds are slightly more represented (e.g.,

Medicine or Neuroscience), while others like Psychology obtain a visible in-

crease of interest with respect to the general case. Engineering is by far the
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Figure A.1: Force Diagram for 2025, representing researchers in the dataset
af�liated with the Univeristy of Genoa.

most represented external �eld, distantly followed by Business, Management

and Accounting, and Social Sciences.

It is worth noting how the outer interdisciplinarity contribution from Com-

puter Vision and Pattern Recognition is around 40% of the entire contribution

to the Engineering �eld, while the Arti�cial Intelligence contribution is much

more in�uent in other �elds: in the general scenario, the Arti�cial Intelligence

contribution to Engineering was lower to the one of Computer Vision and Pat-

tern Recognition, but comparable in magnitude. The same consideration can

be applied to Computer Networks and Communications.

Lastly, Computer Applications appear to re�ect the behavior of the whole
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community. While in the general scenario it was distributed in a more evenly

way (also being the scenario itself more balanced), in the University of Genoa

scenario it tends to favor some of the �elds that are subjected to an increased

focus than the general case, with a particular focus in Psychology.

Figure A.2: Sankey Diagram for 2025, representing researchers in the dataset
af�liated with the Univeristy of Genoa

A.3 Additional Visualizations and Tables

We computed the Force Diagram for the Speci�c Year 2025, illustrated in

Figure A.3, and the Sankey Diagram for the Speci�c Year 2025, shown in

Figure A.4. The information presented in these two graphs complements the

previous relative to the entire career. We computed both inner and outer

interdisciplinarity indices to quantify the diversity of research activities at the

individual and community levels, as shown in Table A.1 and table A.2
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Figure A.3: Force Diagram for 2025, Speci�c Year mode, representing re-
searchers in the dataset af�liated with the Univeristy of Genoa
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