g

EHU

Mapping Cultural Connectivity: Network and
Embeddings Analysis Applied to English
Wikipedia's Internal Link Structure

PhD thesis by

Paschalis Agapitos
Universidad del Pais Vasco / Euskal Herriko Unibertsitatea

Supervised by

Gustavo Ariel Schwartz and Juan Luis Suarez

2026






Table of Contents

Table of Contents

ADSEFACH...........cnneneeneenerneecnnectecneccteccssessseesseesseesssessesssesssssssssssesssssssssssesssssssassssenss 11
ODBJEOCLIVE .......aaeeeenneeeiienericnneicsenressnssesssstessssssosssssossssssssssssssssssssssssssssssssssssnssssssnss 15
1. INErOAUCLION.............ucouueenneeneeneecnerennecneenecseessesssessnesssesssesssssssesssssssssssssssssssasnns 18
1.1.  Close and Distant Reading ........ccccccceveiervuercncerinsercssnicsseencssesisssnccssssssssssssssssesens 20
1.2. Digital Humanities & Cultural Data Analytics........cccceeieevcvnrecscsnereccssnnsecscnnnes 22
1.3. The Network as an Epistemological Choice...............cccecueeeueue... 23
1.4. Wikipedia’s network as a cultural network ............................... 26
1.4.1. Why Wikipedia’'s network and no other alternatives?..........c.cnreceesessesnesereees 30
1.4.2. What is considered knowledge in Wikipedia? ... 31
1.4.3. How Inclusion Shapes the Network of Wikipedia ........cceeciecnecncnececenecneceecneces 35

1.5. Why Studying Wikipedia as a Cultural Network Matters 37
1.6. Research QUestions.............cuceueineicsuccnseccsnecseccsuecseccsneesanes 39

[ 10 0T TeTe T 1) 40
B L= Lo T[0T Lo T 46
P28 PR 1101 (e o 11Tt (o o T 47
2.2.  Period characterization..............ccuoueivvuecneinsennecnsnecsceccsncesncnne 48
2.2.1. Structural Relationships using the Normalised Google Distance .........ccccoccveoeereereenieneeneee 48
2.2.2. People, triads and ClUSEIING ..ottt 52
2.2.3. Data Sampling and the Role Of Triads .........ccoeveiiieiniieieeeisie et 60

2.3.  WikiTextGraph........cciericncrinnsricssnnecssnnessnsessnsscssnanes 69
2.3.1. HOW WIKITEXYGIaPh WOTKS ..ottt bbbt 71

2.4. Biographical Network Construction..............ccccceeeeuueee.. 80
24.1. INEFOAUCTION .t et bt 80
24.2. Extraction and Classification of Biographical Pages..........cccnenecnecnecenecrnecenecrneces 80
24.3. Biography-to-biography NEIWOIK.........cc.ciievierieriieireriee ettt seens 89
24.4. Weight Normalisation 8 Network FIEEIHNG ..ot 92



Table of Contents

2.5. Semantic Analysis.........ccocceeeevricrrrinicenicssnnisssnnessnsessnsesanns 95
2.5.1. EMDEATINGS ..ottt bbb st 96
BiblIOGrapRy .....ceoiieiiieiiieiicnenicienicnntiennnisnnsissnsissssessnsssssssssssssesssssosssssssssssesssssessnns 101
3.1. Wikipedia as a Cultural Lens — a Network Approach............................... 108
3.1.1.  Background.............ccueeeouercrvuriisiercssneicssencssnsessnnees 108
3.1.2. RESUILS ....eeieeeeeeeececceeccetcceecceecceteseeeesasessassesasssesssssssssssesansnes 112
3.1.2.1.  The Network as a Whole: Modularity of the Period............ccncnencnee 112
3.1.2.2.  Disciplines and their INtEractions...........ccvviririeinieieiese e sesssessees 114
3.1.23.  Individual Nodes: Frequencies and Connectivity Distributions...........cccoevenencneinecncnn. 124
3.1.3. DiSCUSSION ...uueeecueeeiineieinetiseetccseeecsneeccseneecssneesnnnes 130
BiblIOGIrapRy ......eeiiiiiiiiceiicetrcetncetecsnttssanscssensesssssesssssesssssesssssessssessnssessssessnns 135

3.2. Network and Semantic Patterns in Wikipedia’s Network of Biographies

140

3.2.1.  Background.............ccueireiisriiisinernnneicnneesnnecesnenes 140
3.2.2. RESUILS ......eeeeeeeeeeneeeeecceeeeeeeeeeeeescseeeeesssssssssssssssesssssssssssssssssssssssssssssssssssssssssssssne 143
322700 NEtWOIK ANAIYSIS oottt st 143
3222, EMDEAAINGS ANAIYSIS ...vvuieieririieeieieiirsiseie sttt sttt sssss s sssss s sss st ssssssses 152
3.2.3. DISCUSSION ..eeeeeereeeeeereeneeceeseneescesseecsessssessessssessesssnes 169
BiblIOGIapRY .....ceeiiiiiiieieneiienenieneniennticnnsissnsisssnsessssssssnsssssssssssssesssssesssssesssssesssssessans 174
4. Conclusions, Limitations & FULUIE WOIK ................eeeeeeeeeeeneeeeeeeeeeeneeeeneeeeseeees 180
A1, OVEIVICW aaaaeeeeeeeeeeeeeeneeeeeceeeeeeeessssssssssssessssssssssssssssssssssssssssssssssssssssssssssssssessssssssns 180
4.2,  CONCIUSIONS ....eeeeeeereeeneceereneeceeseeeeessseeesessssessessssssssssssssssssssssssssssssssssssssssssssssssssnne 181
4.2.1. Summary of Findings by Research QUESHION..........cceveivririreieine e 181
4.2.2. Theoretical and Practical CONtIrIDULIONS .......coveeeoeeeeeeeeeeeeeeeeeeeeeeeeeee e 185
4.3, LIMITAtIONS cauueeeeeeeeeeeeeeeeeeeceeeeeeeeeeeesececeseesssssssssssesssssssssssssssssssssssssssssssssssssssssssssses 188
A4, FURTUIE WOKK......oeeeeeeeeeeeeeceeeeeeeeeeeeeecseessesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssns 191
BibliograpRy ......ccoceeiiinieiiiiinnnniicnnnnniicnnsnnstcssssnssecsssssssssssssssssssssssssssssssssssssssassssssssssssss 193




Table of Contents

Acknowledgments...................eeeeeeneneicnenninscnsessssssesssasssssssssssssssssssssssssssssssssssssses 196
APPCNAIX c...canneaennonenerinnnnrenscanrenscasiessssissssssssssssssssssssesssassssssassssssssssssssssssssssssssssssses 199
A1. Period characterization..............ciceeicvcercncnrcnsnnrcscnnscsnsessnnnenes 200
AT1.1 Normalised GOOGIE DISTANCE .......ccvveririeieieireireiee ettt bbb ssassssseeses 200

A2. WIKITEXEGIraph ......ccocoeiiiieiieniicnenienenicnnniesnsissssessssesssnsssssssesssssosssssosssssosssssessssses 202
A2, PAGE-IEVEL fIlHEI .ottt ettt 202
A2.2. SECHIONS IO ..ottt bbbt ssenss 202

A3. Temporal and Semantic Patterns In Wikipedia's Network of Biographies......... 203
A3.1. Fields of HUMaAN ACIVITY (FHAS)......oi ettt sssss s ssnnsns 203

A3.2. WEight NOIMAliSAtION ...ttt ettt st see 204



List of Figures

Figure 1 (A) The English Wikipedia article on Clarice Phelps, retrieved in April 2026 [31]. Red boxes
highlight a selection of hyperlinks (wikilinks) embedded in the article text. (B) The directed network derived
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Figure 6 lllustration of the link extraction and graph construction process applied to a single Wikipedia
article. The left panel shows a raw Wikipedia article on ocean acidification with wikilinks encoded in
MediaWiki markup syntax. Highlighted in green are the six article titles extracted by the regular expression:
carbon dioxide, pH, coral reefs, marine food web, pelagic zone, and greenhouse gas. Non-extracted
components (e.g., section anchors and display text) remain visually unmarked. The right panel shows the
directed network subgraph produced from this article: each extracted title becomes a target node, the
source article (ocean acidification) becomes a source node, and each link is recorded as a directed edge
pointing from source to target. This figure demonstrates the one-to-one correspondence between link

extraction and edge construction that underpins the graph construction pipeline described in this section.

Figure 7 The full pipeline of WikiTextGraph from top to bottom. The teal boxes at the top represent the
four inputs. Focusing on Stage 1 the diagram presents how WikiTextGraph, given the input, processes and
prepares Wikipedia articles. The output is Wikipedia content articles cleaned and preprocessed. Stage 2
picks up from the clean output and builds the NEtWOIK GIrAPA...............evoernreeerneeressss s sssessssssessees 74
Figure 8 Visualisation of the redirect resolution process. The left panel shows the unresolved state: article
A contains a link pointing to a redirect page for article B, which in turn forwards to B itself. The right panel

shows the resolved state: WikiTextGraph detects the intermediate redirect, removes the edge to the redirect
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page, and replaces it with a direct edge from A to B. The redirect node (shown in orange with a dashed
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Figure 13 Representation of the detection of notability features using as an example the biographical
page of Grace Hopper as of the 6 of May 2026. The upper box shows the first sentence of the biographical
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Abstract

Abstract

Cultural relationships between entities often leave no direct trace in the historical
record, surfacing instead as diffuse patterns of association across large bodies of data.
This thesis develops a computational approach, combining network analysis and
distributional semantics with humanistic interpretation, to recover such patterns from
Wikipedia's link network and examine how they are encoded within large-scale cultural

data.

Chapter 1 establishes the conceptual and methodological foundations of the thesis. It
opens by framing the core problem: many culturally meaningful relationships are not
recorded as direct links between two entities but emerge indirectly, as patterns of
association across large bodies of data that traditional close reading was never
designed to handle. The chapter then introduces how this thesis addresses this
problem by using "“focus reading” that combines computational methods, network
analysis and distributional semantics, to detect patterns at scale with humanistic
frameworks to interpret their significance, situating this approach within digital
humanities and cultural data analytics. It explains why the network is treated as a
deliberate epistemological choice rather than a neutral mirror of reality, and defines
what distinguishes a specifically cultural network: one in which relationships between
people are mediated by shared objects, ideas, and institutions. The chapter argues that
Wikipedia's network constitutes a suitable, if normatively filtered, instance of such a
network, and closes by motivating the study and presenting the three research

questions that structure the remaining chapters.

Chapter 2 presents the methodology shared across the three studies and the specific
techniques each requires. It explains that all three draw on the same analytical toolkit:
network science, which examines the structure of systems of connected entities, and
distributional semantics, which represents meaning through context, with each study

applying these tools at a different scale. For the seventeenth-century study, the chapter
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Abstract
introduces a measure of structural relatedness inspired by the Normalised Google
Distance, which infers conceptual closeness between articles from shared linking
patterns rather than from direct links alone, and pairs this measure with bootstrapping
to test whether observed differences are statistically robust. It then introduces
WikiTextGraph, the open-source tool developed for the data mining phase of this
thesis, describing how it parses Wikipedia dumps efficiently and reconstructs the
internal link network in a way that is reproducible and accessible to non-specialists.
Finally, it outlines the procedure for the large-scale biographical study, including the
use of Wikidata to reliably detect nearly two million biographies and the combination
of network topology with semantic embeddings to recover long-range patterns across

twenty-five centuries.

Chapter 3 presents the results, divided into two parts corresponding to the two studies

conducted.

Section 3.7 reports the results of the first study, which serves as a proof of concept for
the overall approach. It asks whether wikilink-based network analysis can recover
historically meaningful patterns within a defined period, testing this on the cultural
network connecting Art, Science, and Philosophy in seventeenth-century Europe.
Rather than analysing a single triad of figures, as earlier studies had done, it averages
across 465 triads sampled from the period, so that the results describe the period itself
rather than any one configuration of individuals. The analysis operates at three scales.
At the level of the whole network, high modularity shows that the period divides
cleanly into three disciplinary clusters. At the cluster level, the measures reveal that
Philosophy was the most internally cohesive discipline and that the connection
between Science and Philosophy was by far the strongest, while Art occupied a
peripheral position, findings that align with what historians have independently
established about the period. At the level of individual nodes, the study identifies two
distinct statistical patterns of connectivity, a core-periphery structure within disciplines

and a heavy-tailed distribution across them and recovers central figures and concepts
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Abstract
that were never chosen as starting points. Together, these results confirm that
Wikipedia's network encodes recoverable cultural structure and that the method is

sensitive to genuine historical change.

Section 3.2 reports the large-scale study, which extends the approach from a single
period to roughly 1.9 million biographies spanning twenty-five centuries, combining
network analysis with semantic embeddings. The network analysis shows that
biographies mostly link to others born within the same or adjacent century, a pattern
of temporal homophily so strong that the average gap between linked individuals,
about thirty-four years, closely matches the span of a human generation. The sparse
long-range links that remain are not random: connections from later scientists back to
Classical figures trace the documented transmission of ancient knowledge, while the
choice of how links are counted determines whether the network tells a story of
historical continuity or of rupture, a reminder that such methodological choices are
interpretive rather than neutral. The semantic analysis then finds that centuries close
in time occupy nearby regions of the embedding space, conventional historical periods
re-emerge from the data without being imposed, and semantic similarity declines
gradually with temporal distance, a regularity termed here the temporal Tobler pattern.
The outliers to that trend surface periods that are distant in time yet conceptually close,
such as the link between thirteenth-century science and Classical antiquity through the
Arabic-Latin translation movement. Taken together, the section shows that both the
network and the semantic structure of Wikipedia's biographical network are organised
by time, and that the patterns recoverable from that network reflect not only historical
processes but the representational choices (methodological and editorial) through

which those processes have been made legible at scale.

Chapter 4 draws the three studies together and reflects on what they collectively
establish. It revisits each research question in turn: the first demonstrated that
Wikipedia's link network retains historically meaningful structure at the level of a

period, the second built the computational infrastructure needed to work at scale, and
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Abstract
the third combined both to trace temporal and semantic patterns across nearly two
million biographies. From this, the chapter draws out the theoretical contributions,
chiefly the treatment of a historical period as a measurable analytical object through
triad averaging, and the demonstration that the structural and semantic dimensions of
a cultural network are complementary rather than redundant. It then turns, with care,
to the limitations, acknowledging that Wikipedia is a socially situated representation
shaped by gender, geographic, linguistic, and notability biases, so that the patterns
recovered describe how cultural memory has been encoded rather than the past itself.
The chapter closes by setting out directions for future work, including identifying core
figures within disciplines, modelling the network's generative mechanisms, and

extending the framework to other periods, languages, and data sources.

This thesis was carried out by the author at the Centro de Fisica de Materiales (CFM)
under the supervision of Dr. Gustavo Ariel Schwartz (CFM) and Dr. Juan Luis Suarez
(CulturePlex Lab, London, Ontario, Canada), with funding provided by the Donostia

International Physics Centre (DIPC) through the Mestizajes project.
This thesis is the result of three studies:

1. Miccio LA, Agapitos P, Gamez-Perez C, et al (2025) Wikipedia as a cultural lens:
a quantitative approach for exploring cultural networks. Humanit Soc Sci

Commun 12:462. https://doi.org/10.1057/s41599-025-04772-5

2. Agapitos P, Suarez J-L, Schwartz GA (2025) WikiTextGraph: A Python Tool for
Parsing Multilingual Wikipedia Text and Graph Extraction. Journal of Open
Research Software 13(1):17. https://doi.org/10.5334/jors.572

3. Agapitos P, Suarez J-L, Schwartz GA (2026) Temporal and Semantic Patterns in

Wikipedia's Network of Biographies. (to be submitted)
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Objective

Objective

Cultural relationships, understood here as the connections between people, ideas, and
artefacts, are complex by nature. These relationships can show up in countless forms,
from religious practice to everyday interaction. This thesis focuses on the ones
captured in structured online knowledge repositories. Within these repositories, these
connections are often distributed across large volumes of data and are frequently not
directly observable. For instance, many such relationships are not recorded as explicit
connections between two elements. Instead, they emerge from patterns of association
across interconnected collections of data. Finding those patterns requires tools that
can work at a scale and complexity that traditional humanities methods were not built
for, since those methods were designed for close reading of small corpora and not for
the volumes of cultural data that is now available. This gap between the scale of
available data and the scope of existing analytical approaches motivates the present

thesis.

Wikipedia's internal link network provides a particularly suitable basis for addressing
this challenge. As one of the largest collaboratively built knowledge repositories,
Wikipedia encodes relationships between cultural entities’ through millions of
wikilinks.?2 These wikilinks reflect collective editorial decisions made over time in a
process that does not have an established endpoint. Because of this collaborative and

cumulative process, the wikilink network captures not only explicit factual connections

T A cultural entity is any discrete topic that can be the subject of a Wikipedia article, such as a person,
institution, event, or place. It is not a direct representation of its real-world referent; rather, it is an
abstract knowledge entity embedded in a network of relations, comprising multiple layers like social,
scientific, and political contexts, along with connections to other cultural entities. It emerges from two
sources of knowledge: the explicit knowledge produced by experts, and the implicit knowledge derived
from quantitatively analysing Wikipedia's wikilinks as a network [1].

2 A wikilink is an internal (hyperlink) in a wiki that points to another page or section within the same wiki
version.
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but also implicit patterns of association that reflect how contributors collectively

organise knowledge.

The aim of this thesis is to develop and apply methods, both new and existing, to
identify, quantify, and interpret connectivity patterns between cultural entities using
Wikipedia's network as the main data source.® This aim is pursued through three
successive contributions, each building on the previous one. The first examines
whether wikilink-based network analysis can recover meaningful connectivity patterns
between cultural entities within a defined historical period. More specifically, it
investigates the relationships between Art, Science, and Philosophy in seventeenth-
century Europe. This serves as a methodological proof of concept by testing whether
the proposed analytical framework can produce historically meaningful results within
a well-documented domain. The second addresses a prerequisite for scaling the
analysis. It introduces WikiTextGraph, an open-source software tool for extracting text
and wikilink networks from multilingual Wikipedia dumps. WikiTextGraph is built for
reproducibility and computational efficiency, and it provides the infrastructure needed
to extend the analysis beyond a single historical period. The third contribution applies
the combined previous steps to suggest a framework for a large-scale analysis of
Wikipedia's biographical subnetwork. Through this framework it examines the
temporal and semantic patterns that emerge across approximately two million

biographies spanning twenty-five centuries.

3 Throughout this thesis, all references to "Wikipedia's network" denote the wikilink network of the
English-language edition of Wikipedia.
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CHAPTER 1 - INTRODUCTION

1. Introduction

“By thinking about culture as data we open up
opportunities both for new analytical processes
and for new areas of discourse and

engagement.”

Ahnert et al,, The Network Turn, p. 56 [2]

Over the past two decades, the growing availability of large-scale digital data has
substantially expanded how we study culture. Such data arise from a range of sources
(e.g., online platforms, digitised archives, and collaborative knowledge systems) and it
captures interactions between people, ideas, and artefacts at a scale that was simply
not possible before [3, 4]. As a result, cultural information can now be understood as

a vast, interconnected system.

However, this expansion in scale introduces a methodological challenge. Many
relationships between cultural entities are not recorded explicitly. Instead, they emerge
from patterns of co-occurrence and association across large, interconnected datasets
[3, 5-8]. Such relationships are referred to here as indirect: they are present in the data
but not directly observable. They have to be inferred from the structure of the data as
a whole. To make this distinction clearer, consider two types of relationship. An explicit
relationship takes the form: entity A is directly connected to entity B. An indirect
relationship, by contrast, might be inferred from the observation that entity A and
entity B are each independently connected to entity C. In the latter case, the connection
between A and B is not recorded anywhere directly; it only becomes visible when the
broader network of associations is considered. This means that recovering the full
relational structure of a cultural dataset requires attending not only to direct
connections but also to indirect ones — relationships that exist through intermediary

elements.
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Both tasks (identifying explicit relationships and inferring indirect ones from patterns
of co-occurrence) become increasingly difficult as the complexity of interactions
among a large number of cultural entities grows [8]. Moreover, because the number
of possible pairwise interactions between cultural entities grows combinatorially with
the number of elements themselves, the higher-order structures that organise cultural
knowledge become progressively harder to recover from the data. Methods developed
within the humanities for close, interpretive reading of small corpora are not designed
to operate at this level of scale and complexity — not because they lack analytical
rigour, but because they were built for a fundamentally different mode of engagement

with cultural material. A different set of analytical tools is therefore required.

However, the same expansion in digital data that generates this methodological
challenge also creates new conditions for addressing it. Publicly accessible corpora and
digital platforms provide access not only to cultural artefacts themselves, but also to
the relational structures connecting them; structures that would be difficult to recover
at this scale through manual analysis alone. When combined with computational
methods capable of processing large, interconnected datasets, this relational data
makes it possible to detect, describe, and compare patterns of connections between

cultural entities that would otherwise remain inaccessible [9].

This convergence of data availability and analytical capacity has produced
methodological approaches that apply quantitative tools to questions traditionally
framed within the humanities [4]. Rather than treating these as competing orientations,
this thesis treats quantitative rigour and humanistic interpretation as complementary.
The former offers systematic pattern detection and quantification at scale. The latter
provides the conceptual frameworks needed to interpret what those patterns mean. In
practice, this means using computational methods to detect and quantify patterns of
connection across large collections of cultural entities and then drawing on humanistic
frameworks to interpret what those patterns reveal about the organisation of cultural

knowledge.
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1.1. Close and Distant Reading

The tension between interpreting individual works and analysing large collections of
cultural entities is not new to digital methods. Close reading treats meaning as
something located in the specific features of individual texts. It involves careful,
recursive interpretation of a small number of works, with attention to language, syntax,
and internal structure [10-15]. Developed within 20"-century Anglo-American literary
criticism, the approach treats each text as a self-contained object whose meaning
emerges from its formal organisation. Scale and particularity are its defining
commitments: close reading assumes that meaning cannot be recovered without

sustained, repeated engagement with the individual work.

Distant reading looks for meaning in patterns that emerge across many texts. Franco
Moretti coined the term around 2000 to describe a mode of literary analysis that
operates at a fundamentally different scale [16, 17]. Instead of explaining individual
works, it aims to reveal large-scale structures: the rise and fall of genres, the spread of
literary forms across languages, and the long-term dynamics of what Moretti called
the literary world-system. The individual text is set aside, because the patterns of

interest only become visible when many texts are examined together.

Although first framed as opposing alternatives, the two approaches are now widely
treated as complementary. Matthew Jockers, for example, uses computational analysis
of large corpora to generate hypotheses about literary history, then refines those
hypotheses through close engagement with individual texts [18]. Ted Underwood
places this combination within a longer tradition of book history and literary sociology
that predates digital humanities as a distinct field [19, 20]. Together, these arguments
show that aggregate and interpretive methods are not rivals but different levels of

analysis that can strengthen one another.

Yet treating the two as simply complementary does not fully resolve the tension

between them. Each approach retains structural limitations that the other cannot
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compensate for. For example, close reading, by definition, cannot operate at scale and
therefore fails to detect large-scale structural patterns; distant reading, conversely, can
identify such patterns but lacks the interpretive apparatus to ground those patterns in
specific cultural and historical meaning. What is needed is a method that operates at
both levels simultaneously: one that uses large-scale pattern detection to identify what
is worth examining closely and then deploys humanistic interpretation to make those

patterns meaningful. This is the logic that motivates focus reading [21].

In practice, focus reading works like this. Rather than reading everything closely, which
is impossible at scale, or reading nothing closely, which leaves patterns without
interpretive content, the analyst first uses network analysis to scan a large corpus and
identify its most significant nodes. These nodes represent the people, ideas, and works
most densely connected to the subject under investigation: the points through which
the greatest volume of intellectual traffic passes. The analyst then reads those specific
nodes closely, drawing on established humanistic knowledge to interpret what the
network has surfaced. The network identifies where to look. Humanistic interpretation

determines what it means.

This thesis adopts focus reading as its primary analytical orientation. Its main object is
not any single Wikipedia article but the structural patterns that emerge across millions
of them, examined through complex network analysis. That focus matters
methodologically. Wikipedia articles are not authored texts in the conventional sense:
their meaning is produced through collective editorial negotiation rather than through
the stylistic choices of a single author. Formal literary close reading does not apply
directly. What the thesis retains is the interpretive commitment that underlies close
reading, namely the expectation that aggregate patterns only become analytically
meaningful when read through established humanistic frameworks. Over the past two
decades, this combination of large-scale pattern detection and humanistic

interpretation has been formalised into two related disciplinary fields.
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1.2. Digital Humanities & Cultural Data Analytics

Two related disciplinary traditions formalise the complementarity between aggregate
pattern detection and humanistic interpretation established in section 1.1, and
together provide the intellectual context for the approach developed in this thesis:
digital humanities and cultural analytics. While both draw on quantitative methods,
they differ in scope and emphasis in ways that are consequential for the analysis

developed here.

Digital humanities (hereafter DH) denotes the application of computational methods
to research questions across the humanities including history, literary studies,
linguistics, philosophy, and cultural studies [22-24]. In practice, this encompasses
techniques such as text mining, natural language processing, network analysis, and
statistical modelling, applied to textual, visual, and other cultural materials at a scale
that exceeds what manual analysis can address. The field is defined less by any single
method than by a shared orientation: computational tools are developed and used to
identify structures and patterns in large collections of data, while research questions,
interpretive categories, and evaluative frameworks remain grounded in humanistic
inquiry. This dual commitment is what distinguishes DH from purely technical
approaches to data analysis and from traditional humanities scholarship alike and it is

within this tradition that this thesis operates.

Within this broader landscape, cultural analytics (hereafter CA) represents a more
specifically focused area of inquiry. Where DH encompasses the full range of
humanistic disciplines and methods, CA is concerned primarily with the quantitative
analysis and visualisation of large cultural datasets, with the aim of identifying patterns
in cultural production, circulation, and change over time [4, 6, 25]. The materials that
constitute cultural data in this context are diverse, ranging from digitised books, films,
and photographs to natively digital content such as social media, video games, and

collaborative online platforms [4]. However, a defining characteristic of the field is not
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merely the breadth of its materials but the analytical implications of their scale: the
volume of cultural data now available exceeds what any researcher can examine item
by item. At this scale, computational methods are not merely convenient but
analytically necessary, because they make it possible to pose questions about cultural

patterns that close, item-level reading could not address.

However, this reorientation is not purely methodological. It reflects a broader
epistemological shift in what constitutes the legitimate object of cultural inquiry: a
move from the intensive study of a small number of exemplary works towards the
systematic analysis of large populations of artefacts, practices, and representations
[26]. Rather than treating individual texts or objects as windows onto culture, this
perspective treats patterns across collections as analytically meaningful in their own
right. The question is no longer only what a given artefact means, but what structural
regularities emerge when many artefacts are examined together. Taken together, these
two traditions establish the intellectual coordinates within which the present thesis is
situated: a commitment to using computational methods — here, specifically network
analysis and distributional semantics — to detect and quantify patterns of connectivity
between cultural entities at scale, interpreted through humanistic frameworks

concerned with how knowledge is structured and organised.

1.3. The Network as an Epistemological Choice

“The network framework shapes how we
interpret the world around us. Nothing is
naturally a network; rather, networks are an

abstraction into which we squeeze the world.”

Ahnert et al. The Network Turn [27]

The decision to represent cultural data as a network is not only driven by
computational convenience. A network makes the relation between entities, rather

than the individual entity itself, the unit of analysis, making it possible to see which
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entities are constituted by, or derive their significance from, their relationships. This
aspect is very important because, as mentioned earlier, many culturally meaningful
relationships are indirect; they do not appear as a labelled connection between two
entities, but they emerge from patterns of co-occurrence and aggregation across a
large, interconnected dataset. A network representation is therefore the most
appropriate way to study such structures, since it is designed precisely to make this

kind of relational complexity tractable.

To understand why network representations are analytically valuable, it helps to
consider what simpler alternatives cannot do. A basic list of cultural entities and their
types (such as people, objects, or ideas) do nothing beyond naming those entities
since it reveals nothing about how they relate to one another. Adding one more layer,
the frequency distribution of types of cultural entities, captures only how often entities
appear but conceals which ones cluster together or bridge disconnected domains (i.e.,
how they relate to each other). By contrast, a network makes the relational organisation
of the data itself the object of inquiry without presupposing any particular form for the
representation. As Ahnert et al [27] argue, network analysis makes it possible to
measure relationships between many entities simultaneously and in multiple ways,
enabling a form of engagement with complex systems that neither close reading nor
statistical aggregation alone can achieve. As noted earlier, this thesis does not reject
close reading or statistical analysis. Both are incorporated into its analytical pipeline.
In this context, networks function as an analytical filter: a way of surfacing patterns
latent in large volumes of interconnected data while simultaneously identifying which

entities and relationships warrant closer humanistic scrutiny.

The filter metaphor also implies a shift in analytical scale, from individual nodes and
their immediate relationships to the system as a whole. This is an explanatory gap that
network analysis is well positioned to bridge. Some of the cultural patterns this thesis
investigates, such as the clustering of intellectual domains, the structural positions of

bridging figures, and shifting connectivity patterns between fields over time, are
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neither visible at the level of any single entity nor recoverable from aggregate statistics
that ignore relational structure. They are properties of the network itself. The capacity
to move between part and whole is therefore the central epistemological contribution
the network form provides, and the reason the representational choice made here is

analytically motivated rather than merely convenient.

Establishing that a network representation is appropriate for interconnected cultural
phenomena does not, however, mean that every network qualifies as a cultural
network. This distinction matters because network analysis, as a general method, is
agnostic about the nature of the entities and relationships it models. It can equally
represent traffic flows, protein interactions, and social media followings. If the claim is
that the approach pursued here is suited to cultural inquiry specifically, then a

principled definition of what constitutes a cultural network is required.

For the purposes of this thesis, the most useful definition is offered by Suarez et al.
[28], who define a cultural network as a multimodal network in which at least two node
types represent persons and cultural objects respectively. In such networks,
relationships between persons are mediated by cultural objects (ideas, artefacts,
institutions) rather than by direct social ties alone. This definition does several
important pieces of work simultaneously, and it is worth unpacking each of them in

turn.

First, the requirement of multimodality rules out networks composed of a single node
type. A network of persons linked only by co-authorship captures social proximity but
not the cultural content through which that proximity is constituted. What makes a
network cultural is precisely that the objects circulating between persons, whether
texts, concepts, artworks, or institutions, are present as nodes, not merely as labels
attached to edges. Without this, cultural relationships collapse into purely social ones,

and the patterns this thesis seeks to examine are obscured.
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Second, requiring that relationships between persons be mediated by cultural objects
shifts the unit of analysis away from individual actors and towards the shared cultural
infrastructure through which they are connected. Two scholars may never have
corresponded directly, yet both may link extensively to the same set of concepts, fields,
and institutions. In a cultural network, that shared referential context is itself a
relationship, and one of a specific kind: it reveals something about the organisation of

knowledge rather than merely the topology of acquaintance.

Third, by requiring that cultural objects include not only artefacts but also ideas and
institutions, the definition accommodates the kind of heterogeneous, semantically rich
data that characterises encyclopaedic sources such as Encyclopaedia Britannica and
Wikipedia. A network spanning only persons and texts would miss the institutional and
conceptual infrastructure through which cultural knowledge is organised and
transmitted. A network spanning persons, ideas, institutions, and events
simultaneously allows the analyst to examine how different types of cultural entity
relate to one another, and whether those patterns shift across historical time or

disciplinary domain.

Not every large-scale network assembled from cultural data will therefore qualify as a
cultural network in this sense. The defining criterion is not size, nor even the presence
of humanistically recognisable entities, but the mediated structure of relationships:
persons connected through objects, fields intersecting through shared concepts,
institutions rendered visible through the figures and ideas they concentrate. When this
structure is present, the network does more than organise data efficiently. It encodes
the relational logic through which a community has distributed and structured its

collective knowledge.
1.4. Wikipedia’'s network as a cultural network

The methodological framework established in section 1.2 (i.e, combining

computational pattern detection with humanistic interpretation within the general
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tradition of DH and CA) places specific demands on an empirical object: it must be
large enough to require computational methods, structured enough to support
systematic and reproducible analysis, and it must be a cultural network. English
Wikipedia meets all three conditions. With almost 7.2 million* articles, it exceeds the
scale where manual analysis is practical. Its articles are organised according to stable
editorial conventions and interconnected through a consistent hyperlinking system.
And because it is produced through ongoing collective editorial negotiation among a
large and diverse community of contributors, its structure is not an engineering
artefact but a direct expression of how that community organises and relates cultural
knowledge [30]. This is the reason why Wikipedia's network constitutes the primary

empirical object of this thesis.

The unit of analysis is the Wikipedia content article: a structured encyclopaedic entry
on a specific topic, written and continuously revised by volunteer editors [30]. What
matters analytically for this thesis is not just the text but the wikilinks each article
contains, connecting one article to another. These links are not incidental navigation
aids. They encode editorial judgments about which concepts, persons, institutions, and
events are related enough to warrant a connection. The English Wikipedia article on
Clarice Phelps [31] (for an excerpt see Figure 1A), for example, links to nuclear
chemistry, the chemical element tennessine, and the University of Texas at Austin.
These connections do more than place her biographically. They locate her within an
intersecting network of scientific knowledge, professional communities, and
institutional affiliations. Studied at scale, such networks reveal how cultural knowledge
is organized: which domains cluster together, which figures or concepts bridge fields,

and how different knowledge communities relate over time.

Constructing a network from this structure requires a deliberate representational

choice. As Ahnert et al. [2] caution, nothing is naturally a network: the network is an

4 As of the time of writing (April 20, 2026) the actual number of content articles in the English Wikipedia
is 7,171,064 [29].
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abstraction, a framework imposed on a complex system in order to make it tractable
for analysis. In the representation used here each Wikipedia article becomes a node
and each wikilink becomes a directed edge (i.e,, an arrow pointing from the linking
article to the linked one). Directionality matters: a link from the article on Clarice Phelps
to the article on the University of Texas at Austin does not imply the existence of the
reciprocal link (see Figure 1B). This abstraction inevitably loses some information. The
wikilink between Phelps and the university does not specify whether she studied or
worked there, or how significant that connection was. For this thesis, that loss is
acceptable. The analysis focuses not on the precise nature of individual links but on
the large-scale structural patterns that emerge across the network as a whole. Those
patterns are invisible at the level of any single article. They only become legible when

the full network is considered.

Clarice Phelps %A 13 languages

Aticle  Tak Read

From Wikipedia, the froe encyclopedia

Salone) ' is an American|nucle

searching the
Energy's Oak

Clarice Phelps

Clarice Evone Phelps (i
processing of radioact Ene
Ridge Nat al ). She was part of ORI team t collaborated with
Research to discover[iennessing (element 117). The

’ U pplied Chemistry (JUPAC) recognizes her as the first
African American woman 10 be involved with the discovery of a chemical

elements at the US Depar!

element.

Phelps was formerly in the US Navy Nuclear Power Program. At ORNL, Phelps

manages programs in the Department of Energy’s Isotope & Fuel Cycle Technology
Division'®! investigating industrial uses of nickel-63 and selenium-75

Early life and education

\\
)
Phelps was raised in Tennessee.'®) Her interest in chemistry began during her childhood g4\ Y
Born

when she was given a microscope and encyclopedia-based science kit by her mother, Clarice Evone Salone

Her interest was further nurtured by her secondary school science teachers.”l She is an  Education Tennessee State Unwersty (BS,
alumna of the Tennessee Aquatic Project and Development Group, a nonprofit 2003)

organization for at-risk youth.!"“l Phelps completed a Bachelor of Science degree in U ey vt Butoms Octin
chemistry from Tennessee State University in 2003.1% i i
From 2016 to 2020, Phelps eamed a M.S. in mechanical engineering through the SO Saanr
nuclear and radiochemistry program at the [Jniversity of Texas at Austin] As of 2021 Sl

Phelps is a PhD student in the nuclear engineering program at University of

Tennessee."'I1Z], As of 2026, Phelps s an Adjunct Instructor at Pelissippi State "

Community College.!" Institutions O s Fdoe Nator

Figure 1 (A) The English Wikipedia article on Clarice Phelps, retrieved in April 2026 [31]. Red boxes
highlight a selection of hyperlinks (wikilinks) embedded in the article text. (B) The directed network
derived from the links highlighted in (A). Each Wikipedia article is represented as a node, and each
directed edge indicates the presence of a wikilink from one article to another. The directionality of the
edges reflects the asymmetric nature of hyperlinks: the existence of a link from the article on Clarice
Phelps to the article on the University of Texas at Austin does not imply the existence of the reciprocal
link.

This analytical orientation rests on the broader assumption presented in section 1.3:

that meaning does not reside solely in individual entities but also emerges from the
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patterns of relations that connect them [32, 33]. What becomes analytically important
is not any single node in isolation, but the relational structure that nodes collectively
form. This is the commitment that underlies the "network turn" in the humanities,
which argues that network analysis provides a shared conceptual language for
examining complex cultural and social systems, while also demanding critical reflection
on how such representations are constructed and by whom [2, 8, 34]. The analytical
value of operating at this scale is that it suspends the assumption that only already-
recognised relationships are worth examining. Schich et al. [8] , for example, showed
that aggregate cultural data can surface unexpected correlations between events,
actors, and historical periods that specialised, small-scale studies would be unlikely to
detect not because those correlations were unknown, but because they were only
visible at the population level. Applying this logic to Wikipedia, the wikilink network
makes it possible to identify which cultural entities function as structural hubs through
which knowledge circulates, which remain peripheral or isolated, and how these

positional patterns shift across historical time.

Building on this, Ahnert et al. [2] argue that such an approach is generalisable beyond
any single corpus. When cultural entities are understood not merely as nodes but as
carriers of ideas, practices, and forms of knowledge, network analysis becomes a tool
for mapping how those elements are distributed, clustered, and connected at scale. In
the context of this thesis, analysing Wikipedia's network does more than describe how
articles relate to one another in a technical sense. It makes it possible to examine which
cultural entities are structurally central to Wikipedia's organisation of knowledge, how
the connectivity of biographical, scientific, and intellectual entities varies across
historical periods, and which relationships would remain invisible if articles were
examined individually rather than as components of a large, interconnected system.
This supports the central claim of the thesis: that Wikipedia's network encodes
culturally meaningful patterns of connectivity that can be recovered, quantified, and

interpreted through computational methods. Cultural connectivity, as used throughout

29



CHAPTER 1 - INTRODUCTION
this thesis, refers to the structural patterns of association between cultural entities as
encoded in Wikipedia's network. More precisely, it denotes which entities occupy
dense, central positions within that network, which function as bridges between
otherwise separate domains, and how these positional patterns shift across historical
periods and knowledge communities. Moreover, the networks analysed in this thesis
are understood, as mentioned earlier (see section 1.3), as cultural networks which
require the relationships between people to be mediated through shared cultural
entities. In the context of this thesis, that mediation is operationalized through
Wikipedia's wikilink structure: two cultural entities are considered related not because
one article links directly to the other, but because they share common linking contexts
within the encyclopaedia's broader network of knowledge. However, before those
patterns can be analysed, a prior question must be addressed: what motivates the use

of Wikipedia for this type of analysis?
14.1.  Why Wikipedia's network and no other alternatives?

Wikipedia's network is the most analytically appropriate resource for examining large-
scale patterns of cultural connectivity, and a brief comparison with the main
alternatives clarifies why. This claim rests on two criteria: the heterogeneity of the
entities a resource covers, and the density and variety of the relationships it encodes.
Considered against these criteria, the principal alternatives each fall short in ways that

are structurally significant.

Wikidata [35], the formal knowledge base underlying many Wikipedia infoboxes,
organises entities through explicitly typed relationships such as instance of, part of, and
influenced by. This typing is analytically useful for targeted queries, but it captures only
the small subset of relationships that editors have defined through controlled
vocabularies. The much denser web of connections embedded in Wikipedia's article
prose falls almost entirely outside Wikidata's scope or appears there only selectively

and unevenly. DBpedia [36] faces a structurally comparable limitation: it extracts
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structured data from Wikipedia's infoboxes and semi-structured markup, but leaves
the far richer network of in-text wikilinks largely unaddressed. Because the in-text
wikilink network is precisely the analytical object of this thesis, neither Wikidata nor

DBpedia offers a viable substitute.

Scholarly citation networks present a different kind of limitation. They are restricted to
a specific type of cultural entity, primarily published academic works and their authors,
and to a single, formalised relationship type: citation. This restriction makes them
poorly suited to the kind of analysis pursued here, which requires a network spanning
heterogeneous entities, including people, ideas, scientific concepts, institutions,
artworks, and historical events, alongside the varied associative relationships between

them.

To the best of my knowledge, Wikipedia's network is the only resource that satisfies
both criteria at scale. It is encyclopaedic in scope, culturally heterogeneous in its
entities, and the product of sustained collective editorial judgement rather than
automated extraction. Its links are not formally typed, which means some semantic
precision is sacrificed. However, for the purposes of detecting large-scale structural
patterns of cultural connectivity, coverage and heterogeneity matter more than formal
completeness. To understand deeper the patterns | analyse, the next section will
answer what Wikipedia recognises as knowledge in the first place, and through which

institutional mechanisms that recognition is granted.

14.2.  What is considered knowledge in Wikipedia?

“The bulk of the world's knowledge is an

imaginary construction”.

Helen Keller, The World | Live In [37]

The previous section established that Wikipedia’s network encodes -culturally

meaningful patterns of connectivity. This raises a question: meaningful according to
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whom, and on what basis? What enters the network is not determined by cultural
significance alone; it is governed by a normative framework that decides what counts
as knowledge worth recording. This section examines that framework, situating
Wikipedia epistemologically before analysing the editorial principles through which

inclusion and exclusion operate in practice.

The concept of collective memory provides the appropriate theoretical entry point,
because it captures the central tension between knowledge as an objective record and
knowledge as a selective, socially constructed account of what a community has
chosen to preserve. In social theory, collective memory refers to shared understandings
of the past that are produced and maintained by groups rather than by isolated
individuals [38, 39]. Maurice Halbwachs, who coined the term, argued that
remembering is always shaped by social frameworks (e.g., cultural norms, institutions,
and shared narratives) that determine what groups choose to remember, how they
interpret events, and which accounts are sustained over time [40]. Collective memory
is therefore not a neutral archive; it is selective and oriented toward present concerns,
foregrounding certain events and actors while marginalising others [41, 42]. Crucially,
it is also dynamic: rather than accumulating as a stable deposit, collective memories
are continuously reconstructed through communication, media, and commemorative

practices, making them contested and subject to revision [43].

Jan Assmann's distinction between cultural and communicative memory refines this
picture in ways directly relevant to Wikipedia. Cultural memory is stabilised in durable
media such as texts, archives, and institutional practices, and is characterised by
formalisation and long-term transmission [44, 45]. Communicative memory, by
contrast, circulates in everyday interactions, spans living generations, and is more fluid
and revisable [42, 44, 45]. Digital technologies have substantially transformed both
forms, expanding the volume of material that can be preserved and the speed at which
it circulates [46, 47]. However, as Haux et al. [48] observe, digital memory systems do

not map cleanly onto either category: they combine large-scale storage with
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structured filtering that determines not only what is preserved, but what is findable,

linkable, and therefore culturally operative.

Wikipedia occupies a hybrid position within this landscape. It lacks the curatorial
authority of a museum or the legal deposit function of a national archive, yet its
content depends on precisely those institutions, drawing on scholarly publications and
archival sources as its primary evidence base [45, 49]. At the same time, it is produced
through a decentralised, ongoing process of editorial negotiation in which
contributors collectively decide what should be included, how topics are framed, and
how articles are interconnected [49]. Wikipedia thus combines the formalisation
characteristic of cultural memory, through its reliance on citeable sources, with the
dynamism and contestation characteristic of communicative memory, through the
continuous renegotiation of its content. It is not a static record of what is known, but
an evolving representation of what a large, distributed community has agreed is worth

knowing.

This characterisation has direct methodological consequences. If Wikipedia functions
as a normatively regulated, collectively constructed form of digital cultural memory,
then its editorial policies are not incidental administrative rules; they are the
mechanisms through which the boundary between knowledge and non-knowledge is
drawn. Those policies cluster around four interlocking principles: verifiability,
notability, reliance on secondary sources, and the requirement of a neutral point of

view.

Verifiability requires that all content be supported by reliable, published sources that
readers can independently consult [50]. Material that lacks such support cannot be
included, regardless of its factual accuracy or cultural significance [51, 52]. Original
research (i.e., the proposal of new interpretations or theories) is explicitly prohibited,
anchoring Wikipedia’s content to what has already been recognised and published

elsewhere [51]. Notability determines whether a topic warrants a dedicated article at
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all. A topic is considered notable if it has received significant coverage in reliable
sources that are independent of the subject [50]. This principle functions as the primary
mechanism of inclusion and exclusion: it is the editorial filter that decides whether a
cultural entity gains a node in the network or remains absent from it. Reliability, in this
context, refers to sources with established editorial standards, such as peer-reviewed
publications and reputable news organisations [53]; independence requires that those
sources have no direct interest in the subject they cover [54]. Secondary sources and
neutrality reinforce this structure. Wikipedia prioritises secondary sources which means
that the attention falls on sources that provide analysis and interpretation of events
rather than first-hand accounts [52], and requires that all content represent significant
viewpoints fairly, as they appear in the published record [53, 55]. Together, these
principles mean that what enters Wikipedia is not simply what is true, but what has
been recognised, published, and independently documented by sources that meet

institutional standards.

Taken together, these four principles constitute a filter that operates prior to any
analysis conducted on the network: they determine which cultural entities are
represented, how prominently, and in relation to which others. This has a direct
implication for this thesis. The patterns of connectivity recovered from Wikipedia's
network do not reflect an unmediated map of cultural knowledge; they reflect a map
of knowledge as it has been certified, formalised, and selectively preserved by a specific
epistemic regime; this regime operates at the intersection of the editorial community’s
collective judgements about what is worth including and the formal constraints
imposed by Wikipedia's editorial guidelines. Understanding this regime is therefore
not a preliminary formality but an interpretive condition because it shapes what the
network can and cannot reveal, and what must be kept in view when patterns of
inclusion and connectivity are analysed. The following section examines how these

knowledge criteria translate directly into network structure: which entities gain nodes,
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which connections form edges, and which cultural entities remain structurally absent

from the system altogether.
1.4.3.  How Inclusion Shapes the Network of Wikipedia

The four principles examined earlier (i.e., verifiability, notability, secondary sourcing,
and neutrality) as well as the biases that each editor carries (see Limitations) do not
only determine the textual content of individual articles. They also determine the
topology of the wikilink network itself. Because a content article can exist only if its
subject meets notability and verifiability standards, any topic that fails these criteria is
absent from the network not merely as a gap in coverage but as a structural condition:
it has no node, and therefore no edges can form to or from it. The network's
connectivity patterns are thus shaped upstream, before any links are created, by a
filtering process that is normative rather than neutral. What the network makes visible
is precisely what this filtering regime has admitted; what it cannot reveal is what the

regime has excluded.

The case of Donna Strickland illustrates this mechanism concretely. Prior to October
2018, the English Wikipedia contained no article on her, because editors determined
that the available independent coverage of her work did not yet satisfy notability
standards [56]. In network terms, she was structurally absent: no node existed, and no
wikilink could point to or from her. This absence was not a reflection of her scientific
significance because she had already made the contributions that would earn her a
Nobel Prize, but of the documentation threshold that Wikipedia’s editorial framework
requires. When she was awarded the Nobel Prize in Physics in 2018 alongside Gérard
Mourou, the resulting surge in independent coverage triggered the creation of her
article, and she entered the network with links to related scientific fields, institutions,

and co-recipients.> The analytical implication is significant: the network's apparent

> As of March 2026, the article of Donna Strickland in the English Wikipedia has an out-degree of 66
(wikilinks to other Wikipedia content articles) and an in-degree of 56 (the number of wikilinks that her
article receives from other Wikipedia content articles).
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completeness at any given moment conceals a prior layer of selectivity. Structural
centrality in the network reflects not only cultural significance in the world but the
degree to which that significance has been recognised, documented, and certified by
sources meeting Wikipedia's institutional standards. However, it should be noted that
her case points to a further layer of complexity. Because Wikipedia's notability criteria
depend on coverage in secondary sources, the network also inherits the selectivity of
the broader scholarly and journalistic record; a record in which women have historically
been underrepresented relative to their contributions and which record affects what

enters Wikipedia [57, 58].°

Two further qualifications follow from this analysis and bear directly on the empirical
approach adopted in this thesis. First, it is worth being clear about what this analysis
observes and what it does not. The thesis does not look directly at how Wikipedia's
knowledge is made (the back-and-forth of editorial debates, contested revisions, and
talk-page arguments about whether someone deserves an article); rather, it examines
the outcome of those processes: the network of articles and links as it existed at a fixed
point in time. Following this line of thought, the structure under study encodes the
accumulated effect of thousands of editorial decisions, but it does not show those
decisions happening. The cultural memory framework introduced above is used here
because it helps make sense of what kind of information the resulting structure is; a
sedimented record of what the community of Wikipedia editors judged worth

preserving, connecting, and certifying.

Second, the empirical focus is on the English Wikipedia specifically. This choice is
motivated by its scale — as the largest language edition, with approximately 7.2 million
articles [29] and by the particular character of its contributor base: because English
functions as a global lingua franca of the internet, the English Wikipedia attracts editors

from a wide range of geographical and cultural backgrounds [45], producing a breadth

® It is worth mentioning that a recent study showed that after 2022 the representation gap has been
reversed in biographical pages of women biologists affiliated with United States universities [59].
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of coverage that makes it the most suitable version for a large-scale analysis of cultural
connectivity across historical periods. Neither of these conditions eliminates the
selectivity documented above; they constrain it in specific ways that the analysis keeps

in view.

These considerations establish the interpretive frame within which the patterns
identified in the following chapters should be read. The wikilink network analysed in
this thesis is not a neutral map of cultural history; it is a structured, normatively
regulated representation of knowledge as a specific epistemic community —
Wikipedia's collective of editors — has chosen to record and connect it. Its patterns of
connectivity reflect the cumulative effect of editorial judgements about what is
notable, verifiable, and relevant, mediated by the institutional standards of secondary
scholarship and shaped by the known biases of the contributing community (see
Limitations). The analytical results should therefore be interpreted not as direct
evidence of historical reality, but as evidence of how that reality has been selectively
encoded in a large, collaboratively constructed digital knowledge system. This
distinction is not a limitation to be apologised for; it is the interpretive condition that
makes the analysis possible and meaningful. With these conceptual and
methodological foundations in place, the thesis addresses three research questions,
each organised as a chapter linked to its corresponding paper and each addressing a

distinct but interrelated dimension of cultural connectivity in Wikipedia's network.
1.5. Why Studying Wikipedia as a Cultural Network Matters

Understanding the significance of studying Wikipedia as a cultural network requires
zooming out from its everyday function as an encyclopaedia. What is important for
this thesis is the relational structure that connects Wikipedia articles to one another
(i.e., the wikilinks). This relational structure is one of the largest collaboratively
constructed records of how a distributed community of contemporary editors

organises, connects, and represents cultural knowledge. When this network is studied
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as a cultural network in which relationships between people are mediated by cultural
entities such as ideas, institutions, and artefacts [28], it reveals the significance of this

study.

To begin with, Wikipedia's network provides a basis for examining how cultural
knowledge is structured at a scale that no single disciplinary tradition is designed to
address on its own. For example, a historian of science may trace influence networks
among 17™- century natural philosophers. A literary scholar may map intertextual
references across a national canon. Even though studies of this type are valuable, they
will illuminate patterns within their own domains. However, they will face an obstacle
to capture connections that run between domains. Wikipedia's network does not face
this constraint: it links articles on scientific discoveries, political movements, literary
works, individuals, and artworks within the same connective structure. By analysing the
connectivity patterns that emerge across millions of articles spanning centuries and
fields, it becomes possible to ask a different kind of question. Among the questions
this enables are the following: which cultural entities function as bridges between
otherwise separate fields? Which domains remain isolated from one another? These
questions, as stated above, are difficult to address by examining any single domain in
isolation. They require the kind of cross-domain, large-scale perspective that an

analysis of the cultural network of Wikipedia offers and affords.

Second, as shown earlier, Wikipedia's content is governed by a set of normative
editorial principles and the biases that each editor carries. Because of these factors, the
network does not passively mirror cultural reality. Instead, it reflects a particular and
normatively regulated representation of that reality. For this reason, studying
Wikipedia's cultural network as a collaboratively constructed knowledge system also
offers insight into the patterns of inclusion and exclusion that the editorial community

has embedded in the network.
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1.6. Research Questions

The preceding sections have established the conceptual foundations. Wikipedia is
introduced in this thesis as a collaboratively constructed form of cultural network,
whose internal link network provides a structural, large-scale record of how cultural
entities (i.e., people, ideas, cultural institutions, etc.) are associated with one another
and what the editorial community decided to include or exclude. The analytical task at
hand is to use this network as a data source from which connectivity patterns between
cultural entities can be identified, quantified, and interpreted through humanistic
interpretive frameworks. Three research questions which are presented as chapters
linked to corresponding papers, organise this task. Each addresses a distinct but
interrelated aspect of the overall project, and together they trace a progression from
methodological proof of concept, through the development of the necessary

computational infrastructure, to a large-scale empirical analysis.
The research questions (RQ) this thesis answers are the following:

e RQ1: Can a network-based analysis of Wikipedia's wikilink structure recover
meaningful connectivity patterns between cultural entities in a given historical
period?

e RQ2: How can a scalable, multilingual pipeline for extracting text and wikilink
networks from Wikipedia's content articles be designed and implemented?

e RQ3: What temporal and semantic patterns emerge in the biographical
subnetwork of the English Wikipedia when analysed across twenty-five

centuries?
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2. Methodology

As mentioned in the Introduction, the goal is to use English Wikipedia's wikilinks
network as a quantitative cultural lens through which patterns of connectivity between
cultural entities’ can be systematically examined. By treating these links as measurable
connections, it becomes possible to systematically examine patterns of cultural
connectivity across time, and field. Therefore, the studies presented in section 3.7 and
section 3.2 share Wikipedia as their data source. Each one of them operates at a
different scale and follow different methodological techniques: network analysis and
distributional semantics. Together, these two frameworks provide both the structural
and the semantic tools needed to study Wikipedia’s cultural network of information.
More specifically, focusing on the individual studies themselves, section 3.7 works at
the micro-to-meso scale, concentrating on a single historical period. It reconstructs
the interdisciplinary cultural network that connected Art, Science, and Philosophy
during the 17th century CE. To do so, it employs a structural relatedness metric inspired
by the Normalized Google Distance, a method that infers closeness from linking
patterns, and uses bootstrapping, a resampling technique that estimates the stability
of results by repeatedly drawing subsets from the data. Section 3.2, by contrast, opens
the scale considerably. It spans twenty-five centuries of recorded history and draws on
nearly two million Wikipedia biographical articles about historically notable individuals.
Rather than focusing on a single period, it combines network topology (the
mathematical study of how nodes and edges are arranged and connected) with
semantic embeddings (numerical representations that capture meaning through
position in a n-dimensional space) in order to uncover long-range temporal patterns
that would be invisible at smaller scales. The following sections present the
methodology of each study in turn, beginning with the most granular and progressing

toward the most expansive.

7 For a definition of cultural entities in the context of this thesis refer to Introduction.
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2.1. Introduction

Network analysis has become one of the primary tools through which the field of
digital humanities and cultural analytics approach culture at scale which, as stated in
the Introduction, has been crystallised through the “network turn” [1-5]: the idea that
interconnected information (e.g., who or what is connected to whom, and when)

carries meaningful cultural information.

As introduced earlier, the networks employed in this thesis belong to a specific
category within this broader tradition. They are cultural networks: graphs in which
nodes represent cultural entities such as people, ideas, artworks, and events, and in
which edges encode meaningful associations between them. However, these networks
require careful interpretation. Because Wikipedia is written and maintained by
contemporary editors, each connection reflects two overlapping layers of information
rather than a transparent record of the past. The first is a historical layer: documented
facts about past people and events. The second is an editorial layer: the choices that
present-day editors have made about what to record, emphasise, and connect. It is
this second layer that makes Wikipedia an artefact of cultural memory — a selective,
constructed record of what a particular community of editors, writing at a specific

moment in time, judged to be worth preserving and relating.

Both layers introduce their own analytical challenges. The historical layer is uneven:
information about the distant past is sparser, less consistent, and more prone to gaps
than information about recent centuries. The editorial layer introduces
representational issues, reflecting the demographic and cultural composition of
Wikipedia's contributor base rather than any neutral standard of historical significance.
These are not incidental problems but structural features of the data source that affect
the methodological choices made in this thesis. As detailed in the sections that follow,
the analytical framework adopted here is designed to account for both layers of bias,

with the aim of producing a more representative and interpretively robust analysis.
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2.2. Period characterization®

2.2.1.  Structural Relationships using the Normalised Google Distance

Network analysis has emerged as one of the primary methodological tools through
which digital humanities and cultural analytics examine culture at scale. As noted in
the Introduction, this methodological shift has been theorised as the "network turn"
[1-5]. Most of the research works that use Wikipedia's internal links network are using
the direct connections between articles. For instance Aragon et al. analyse biographical
social networks by mapping links between biographies across 15 language editions to
identify central historical figures and cross-cultural similarities [7]. Another study
focuses on the "First Link Network," following the first wikilink in the body of 4.7 million
articles to reveal a flow from specific topics toward general, foundational concepts like
"Philosophy" [8]. This structural analysis extends to identifying cultural hierarchies,
demonstrating how different linguistic editions reflect distinct intellectual heritages,
such as the Western emphasis on "Science" versus the East Asian focus on concepts
like "Human" and "Earth" [9]. Moreover, within the field of digital history, researchers
use the wikilink structure between articles on historical figures to quantify their
importance and explore the temporal relationships between link architecture and
article popularity [10]. Additionally, the growth of scientific knowledge is examined by
treating linked articles as concept networks, showing that science in Wikipedia
progresses by identifying and filling "knowledge gaps" or topological cavities over
time [11]. Lastly, a recent multicultural analysis of philosophers employs the directed

network of hypertext links across nine languages to rank intellectual influence, using

8 The methodology presented in Section 2.2 has been published as part of a peer-reviewed article with

the title “Wikipedia as a cultural lens: a quantitative approach for exploring cultural networks” [6].
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algorithms like PageRank, and to uncover hidden connections between schools of

thought [12].

The analyses presented above are mainly based on explicit, or direct, connections
between articles, but this methodological choice systematically obscures implicit
cultural relationships. Hence, this limitation motivates a shift in how relationships
between Wikipedia articles are conceptualized. Instead of regarding the network as a
mere set of direct links, the present study introduces the notion of the structural
relationship, which captures associations between articles even if they are not directly
linked by a wikilink. The underlying idea is that if two Wikipedia articles frequently
appear close to each other in the network, sharing most of the articles that link them
and most of the articles they link to, then the network itself indicates that these two
topics are conceptually the same. This signal persists regardless of whether a direct
link between the two articles exists (see Figure 2). In other words, two topics are
considered conceptually close if they consistently appear within the same relational
context. This conceptual proximity is assumed to reflect the cumulative editorial
judgment of thousands of independent contributors who, without necessarily
intending to connect two topics directly, have repeatedly situated them within the
same relational context. Therefore, instead of viewing the Wikipedia network as merely
a collection of direct connections, we incorporate the idea of structural relationship

between nodes.

It should be noted that this idea of implicit relationships between articles is not new.
Studies by [13, 14] have examined Wikipedia’s cultural network through the lens of
implicit relationships, demonstrating that treating indirect connections reveals
meaningful patterns absent from direct-link analysis. Nevertheless, those studies
applied their method to a very small set of specific nodes, rather than to a full
characterisation of a cultural domain. As opposed to this, the analysis carried out later,
as shown, brings together multiple cultural entities by averaging their connectivity

patterns.
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Structural relationships between two nodes

Two ways nodes A and B can be related without a direct link between them

Panel A — bibliographic coupling Panel B — co-citation

Shared sources (out-neighbours) Shared targets (in-neighbours)

® O

Figure 2 Structural relationship between elements in a complex network. The example illustrates how
the Normalised Google Distance (NGD) detects structurally similar nodes even if there is not direct links
between them.

To detect and quantify this type of structural relationship, we use a metric inspired by
the Normalised Google Distance (hereafter NGD) [15, 16]. The measure captures the
overlap in link neighbourhoods. Formally, the NGD between two articles a and b is

defined as [15]:

d. (a,b) = log(max(|Al, |B])) —log(|ANBY)
m/outt= = Tlog(IW ) — log(min([Al, [BI))

Where a and b denote the two articles of interest; A and B represent the set of
Wikipedia articles that link to, or are linked from, a and b respectively, depending on
whether the in-degree (d;,) or the out-degree (d,,:) is being computed; and W
denotes the total number of nodes (Wikipedia articles) in the network. When |ANB| =
0, the distance is undefined and treated as infinite, reflecting the complete absence of

any shared neighbourhood between the two articles.

The interpretation of the formula is the following: The numerator compares the shared
neighbourhood to the larger of the two individual neighbourhoods, expressed as a

log-ratio that grows as the overlap shrinks. The denominator then rescales this value
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against the size of the full network, so that the resulting distance reflects relative rather
than absolute overlap. Consequently, two articles whose neighbourhoods overlap
substantially receive a small distance, whereas two articles whose neighbours barely
intersect receive a large one. A further property follows from this construction: the
measure responds not only to the raw number of shared neighbours, but also to the
size of each neighbourhood. Ten shared neighbours, for instance, carry a very different

meaning for two sparsely connected articles than for two densely connected ones.

For each pair of articles a and b, two distances are computed separately. The first,
din(a, b), is based on the set of articles that link to both a and b, and therefore captures
how similarly the rest of the network refers to them. The second, d,,;:(a, b), is based
on the set of articles that both a and b link to and therefore captures how similarly
their authors situate them within the broader conceptual landscape. The final distance
d(a,b) is then defined as the harmonic mean of these two quantities. Because the
harmonic mean is dominated by its smaller input, the combined distance is pulled
toward whichever direction shows the stronger neighbour overlap. Consequently, a
pair of articles which share many neighbours align closely in even one direction
receives a relatively low combined distance, which makes the measure responsive to
partial structural relatedness. Finally, since the theoretical distance d(a, b) can range
from 0 to infinity, which makes raw values hard to compare and interpret. To address
this, the distance is mapped onto a bounded similarity score in the range [0,1] using
the transformation: r(a, b) = exp(—d(a, b)). This way, identical items (distance 0) yield

a similarity of 1, while increasingly dissimilar items (large distances) approach 0.

This metric offers several advantages over relying on direct links alone, both of which
matter for the reliability and scope of the corresponding analysis of section 3.1. First,
including incoming links reduces a bias that appears when only article text or outgoing
links are used. Any single Wikipedia article reflects the choices of the editors who wrote
it, including which topics they decided to reference. Incoming links work differently.

They aggregate judgments from the broader editorial community, reflecting how
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many independent contributors, writing across different articles, have chosen to place
a given topic within the network. That aggregation dilutes the idiosyncratic perspective
any one article carries. Second, using both incoming and outgoing links together gives
a more complete picture of each article's position in the network. Outgoing links show
how an article reaches toward related concepts. Incoming links show how the rest of
the network locates it. Together, they reflect the structure of the encyclopaedia, not

the editorial perspective of any single article.
2.2.2.  People, triads and clustering

The goal is to investigate cross-field intellectual exchange in a given century. To do so,
we first need to extract the biographical data from Wikipedia which will serve the basis
for this analysis. These biographies will then be used to construct triads of individuals
from three broad areas of knowledge creation: Art, Philosophy, and Science of the 17th
century. This two-step process, extraction followed by the construction of triads,
provides the structured input from which the networks analysed in the corresponding
chapter (see Results - section 3.7) are built. The methodological choices governing each

step are described in turn below.

Detection of biographies. The first step was to obtain a stable, reproducible corpus
of Wikipedia articles. This was achieved by parsing a publicly available dump of the
English Wikipedia, specifically a snapshot dated 29 January 2023. Wikipedia dumps are
periodic static exports of the entire encyclopaedia and constitute a standard resource
for large-scale computational studies of knowledge. Working from a fixed snapshot
guarantees reproducibility: because the dataset is frozen at a single point in time, it
does not shift as editors update articles, meaning any researcher can recover the exact
same sample from the same dump. From this snapshot, individuals were identified by

detecting the tag "person" in the infobox field of each article, where available.®

° The infobox is a structured metadata block appearing at the top of many Wikipedia articles, providing
key factual information in a machine-readable format.
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Applying this filter produced an initial sample of 501,046 persons, which forms the

starting population for all subsequent classification steps.

Metadata for biographies. With the initial sample of biographical pages established,
the next step was to extract the specific attributes required to identify the field to which
each individual belongs and the century during which they lived. For each person, the
first sentence of the corresponding Wikipedia article was parsed using regular
expressions to retrieve three pieces of information: birthdate, number of internal links,
and professional occupation. The birthdate enables temporal filtering, restricting the
sample to the 17th century. The number of internal links serves as a proxy for an
individual's relative prominence within Wikipedia's knowledge network. The profession
provides the basis for field classification into Art, Philosophy, or Science. This last
variable was also extracted from the first sentence of each biography rather than from
the full article text, because the first sentence of a Wikipedia biography typically follows
a standardised formula that explicitly names the subject's primary occupation and
nationality. Relying on this sentence alone therefore yields a concise and consistent
signal across hundreds of thousands of entries, without introducing the noise that full-
text extraction would generate. Together, these three attributes form the biographical

metadata necessary for the classification pipeline described below.
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Wikipedia Data Extraction Pipeline

From raw dump to Art - Science - Philosophy triads

p
Wikipedia dump
L English edition - January 2023 )

l detect 'Person' tag

501,046 persons
birthdate - links - profession
\

l filter by birth year

Period 1600-1650

temporal subset
- 4

i classtfy by ke
Art { Science }
Architect - Painter - Sculptor i Mathematician - Physicist — Biologist |
{___Chemist — Astronomer - Scientist |

I

All possible triads
one artist - scientist - philosopher

Figure 3 Schematic representation of the pipeline used to extract artists, scientists, and philosophers
from Wikipedia for the period 1600-1650.

Figure 3 illustrates the full pipeline used to generate the triads. Starting from the
complete set of Wikipedia pages tagged as "persons” extracted from the dump, the
pipeline proceeds through a sequence of filtering and classification steps. First, the
sample was narrowed to individuals born between 1600 and 1650, the historical
window of interest for this study. This period was chosen because it encompasses a
pivotal era in Western intellectual history, bridging the late Renaissance and the central
decades of the Scientific Revolution and laying important foundations for the
Enlightenment, a time when the boundaries between art, philosophy, and emerging
forms of science were actively being negotiated and cross-field intellectual exchange

was particularly intense [17].

Art-Philosophy-Science classification. With the sample restricted to the relevant
historical period, the next step was to identify the field in which each individual belongs
to given the following three fields: Art, Philosophy, or Science. This classification was
performed by checking whether at least one term from a set of pre-defined keyword
lists appeared among the professions extracted from each biography (see Figure 3).

At this point, | should mention that any classification scheme of this kind involves a
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degree of arbitrariness in the choice of keywords, but the approach carries three
practical advantages that justify its use here. First, it is systematic and fully transparent:
every classification decision follows the same rule and can be inspected and, if needed,
revised. Second, it is flexible: the keyword lists can be broadened or narrowed
depending on the research question, making the method readily adaptable to other
historical periods or disciplinary boundaries. Third, it operates at scale without
requiring manual annotation, which would be infeasible given the size of the dataset.
The principal trade-off is that some individuals will inevitably be misclassified, either
because their biography uses unusual occupational terminology or because they
genuinely worked across multiple fields. However, given the scale of the dataset, such
edge cases are unlikely to distort the aggregate patterns of interest, and the
transparency of the keyword lists means that any misclassification can be identified

and corrected if needed.

Moreover, we set a minimum outdegree'® threshold of 100 wikilinks, meaning that
only individuals whose Wikipedia articles contain at least 100 outgoing wikilinks were
retained as nodes of the network. This threshold is set on the basis of three
considerations. First, the outdegree of a Wikipedia article can serve as a proxy for an
individual's relative prominence [18]. The intuition behind this idea is that more richly
documented figures tend to have more outgoing links, and prominence within
Wikipedia's knowledge network is a reasonable, if imperfect, indicator of historical
significance. Second, articles with higher outdegree tend to have been edited more
frequently and by more contributors, which is associated with higher overall article
quality [19]. Third, because the size of the network generated for each person scales
with that person’s outdegree, a minimum threshold is necessary to ensure that the
resulting networks are large enough to support statistically meaningful analysis. The

value of 100 is established empirically through experience with networks drawn from

19 The outdegree refers to the number of links that a node sends.
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multiple historical period [20, 21], and represents a pragmatic balance between

inclusivity and analytical reliability.

Triads and networks. Once all this information is available, the next step is to generate
the triads. To do that, as mentioned earlier, | use biographical pages of people born
between 1600 and 1650 that are classified as artists, scientists, or philosophers based
on keywords in their biographies (see Figure 4). Then all possible combinations of
these individuals are generated to form triads. Each triad is specifically composed of
one individual from each of three pre-defined disciplines: Art, Science, and Philosophy.
Using Wikipedia's internal links, | identify articles related to these individuals, forming
a larger network of cultural entities (for the definition refer to Introduction) that
includes people, objects, and ideas. An example of a triad consists of the artist
Johannes Vermeer, the scientist Christian Huygens, and the philosopher Blaise Pascal.
This triad-based approach permits the quantification of how knowledge flowed
between different disciplines during the 17th century CE and can reveal patterns of

either strong or weak connections between disciplines.

Step 1

ART SCIENCE PHILOSOPHY

Vermeer  Christiaan Huygens . Blaise Pascal
Rembrandt o Robert Boyle . John Locke
Jan Steer ¢ Giovanni Cassini e Baruch Spinoza

Pieter de Hooc! © Ole Remer eNicolas Malebranche

Figure 4 People’'s Wikipedia articles classified in one of the disciplines: Art (light orange), Science (light
blue), and Philosophy (light purple).

Once the triads are established, the next step is to build a network for each one.’" In
the present context, in the network each node corresponds to a Wikipedia article, and

each edge represents a wikilink connecting two articles. The goal of constructing these

A network, in the technical sense used here, is a mathematical structure composed of nodes
(individual entities) and edges (connections between the nodes) [22].
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networks is to produce a structured, quantitative representation of the conceptual
landscape surrounding each triad, capturing how the ideas, people, and topics

associated with each field relate to one another.

For each person in each triad the corresponding English Wikipedia article is retrieved,
along with all articles that are reachable within two wikilinks steps from it. In other
words, this means collecting not only the articles directly linked from the person'’s
page, but also the articles linked from those pages, and so on up to this second level
of distance. This step was implemented to enrich but also bound the sample of the
conceptual terrain surrounding each individual. For instance, for a triad such as that of
Johannes Vermeer, Christiaan Huygens, and Blaise Pascal, this procedure yields a graph
of 38,487 nodes and over 1.4 million edges, which illustrates the sheer scale of
information that Wikipedia encodes even for a narrow selection of three historical

figures.

Among the extracted links, there are a lot that do not carry substantive encyclopaedic
content and they exist in Wikipedia as content pages that serve organisational
purposes: redirect pages (page that automatically forward visitors to another article),
disambiguation page (which list multiple possible meanings of a term), category
pages, and list pages. These are removed from the graph, as they do not represent
genuine conceptual entities and would introduce noise into the subsequent analysis.
Redirect links are resolved prior to removal, meaning that any link pointing to a redirect
is updated to point directly to the article’s actual destination (e.g., “Physics” sends a

link to “Einstein” (redirect) will be resolved to link to “Albert Einstein” (content article).

With the cleaned graph ready, the next step is to measure the relatedness between
each seed and the other nodes in its neighbourhood. This is done by using the NGD
converted to a similarity metric (see section 2.2.1). The directed graph of wikilinks is
then converted into an undirected one, meaning that the distinction between who

links to whom is discarded in favour of a simpler representation in which connections

57



CHAPTER 2 - METHODOLOGY
are treated as bidirectional. Directionality on Wikipedia is not arbitrary: wikilinks tend
to flow from more specific articles toward more canonical ones [8, 9, 23, 24]. For this
reason, this structural asymmetry itself can be used to study reference patterns or
cultural prominence through measures such as PageRank or in/out-degree. Discarding
it therefore rules out a particular family of analyses. In the present case, however, this
is not a problem, for two reasons. First, the relatedness measure adopted here is
symmetric by construction, since NGD is derived from co-occurrence statistics that do
not encode direction; keeping the graph directed after assigning symmetric weights
would be inconsistent. Second, the aim of the analysis is not to trace influence or
reference flows, but to characterise the conceptual landscape surrounding each triad
in terms of mutual relevance and clustering, which is precisely what an undirected

representation is suited for. The final graph consists of 1017 nodes and 126073 edges.

58



CHAPTER 2 - METHODOLOGY

Isaac Newton .
Pensées

Antonie Arnauld

Thomism

Rationalism

Antonie van Leeuwenhoek

The Geographer

Chiaroscuro

Figure 5 Cultural network based on the seeds of Johannes Vermeer, Christiaan Huygens and Blaise
Pascal. Each point represents a Wikipedia entry, and each line represents the relationship between those
items. Note the strong interaction between Science (green) and Philosophy (blue) and the relative
isolation of Art (red).

The visualisation of this network was done using Gephi [25], an open-source software
for exploring and analysing networks, employing the Fruchterman-Reingold method
[26] known as the force-directed layout algorithm. This algorithm treats the network
as a physical system in which nodes repel each other like charged particles while edges
pull connected nodes together like springs. The result is a spatial arrangement in which
nodes that are more strongly connected tend to cluster together, and nodes that are

more loosely connected drift apart. It is important to note that this spatial arrangement
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is determined entirely by the structure of the data: no manual positioning is involved.
Each node in the visualisation is assigned to the cluster of whichever seed it is most
closely related to, as measured by the NGD. Following the same line of thought, if a
node is strongly related to multiple seeds, it is placed in the cluster of the seed to

which it is most similar.

By visually inspecting the resulting network for the Vermeer-Huygens-Pascal triad (see
Figure 5) we see an interesting pattern: the Science cluster (anchored by Huygens) and
the Philosophy cluster (anchored by Pascal) are positioned in close proximity to one
another, reflecting a high degree of conceptual overlap between these two fields in
the 17th century. By contrast, the Art cluster (anchored by Vermeer) is more isolated
and less connected to the other two. The algorithm places Isaac Newton firmly within
the scientific cluster, positions Pascal midway between Science and Philosophy (a
position that makes sense if we consider Pascal’s contributions to both mathematics
and philosophy of religion) and situates the painterly technique of Chiaroscuro midway
between optics and Vermeer's cluster, again a conceptually coherent placement that
the algorithm arrives at without any field-specific guidance. This internal coherence
provides reassurance that the network construction method is capturing meaningful

structure rather than producing arbitrary patterns.
2.2.3. Data Sampling and the Role of Triads

The network presented in Figure 5 is a network built from one triad. Even though, it
offers a snapshot of the conceptual relationships among three specific individuals, it
cannot by itself characterise the intellectual landscape of an entire historical period.
Therefore, to produce a more robust and generalisable picture, the network generation
procedure is repeated across all available triads, and the resulting network-level
statistics are then averaged. This averaging strategy is analogous to the logic of
repeated sampling in statistics: the more data combinations we have the more

representative our sample will be.
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The number of triads required to achieve a reliable characterisation depends on how
heterogeneous the underlying period is, and on the level of precision that the research
question demands. However, in any case, the statistical error associated with any
averaged quantity decreases as the number of triads increases, following the standard
deviation in which the error is proportional to the standard deviation (o) divided by

the square root of the number of sampled triads /Ny: U/\/F' In the case of this
T

analysis, the number of triads was maximised rather than estimated from a target
precision. In other words, given the pool of people available for the period 1600-1650,
all possible combinations of one artist, one scientist, and one philosopher were
enumerated, yielding a total of 465 triads. This constitutes the maximum possible

sample for the given population of people.
Network Properties and Statistical analysis

Beyond the visual comparison presented in Figure 5, the main analysis (see Results -
section 3.7) draws on a set of quantitative tools from complex network theory and
statistical analysis to examine the structure of the graphs more rigorously. For each
graph constructed in the previous step (one per triad) a range of measurements is
computed at three levels: the network as a whole (i.e., global properties), groups of
nodes within it (i.e., cluster properties), and individual nodes (i.e., node-level
properties). The following subsections here describe each measure and the rationale

behind its use; the results of this analysis are presented in section 3.7.
Global properties
Modularity

One of the questions that arises when examining the cultural network of Science, Art,
and Philosophy in the 17th century CE as a whole is whether its nodes tend to organise

into distinct, tightly knit groups (usually referred to as clusters or communities) or
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whether connections are spread more evenly across the entire network. Modularity is

a standard quantitative measure used to answer this type of question.

As shown earlier, the network used in this analysis is an undirected weighted one,
which means that the connection (edge) between the nodes does not have a direction
and each connection carries a weight which in this case is the result of the NGD as a
similarity metric. For this type of network, modularity Q is defined following Newman

[27] as:

1~ W, 82
Q:WZ(T_ALW)

where W denotes the total weight of all links in the network, W, is the total weight of
links that fall entirely within cluster ¢, and S, is the sum of weights of all links connected
to nodes in cluster ¢, regardless of whether those links go inside or outside the cluster.

The sum is computed across all clusters.

A high modularity value indicates that most of the link weight is concentrated within
clusters rather than between them. In other words, nodes within a cluster are more
strongly connected to each other than to the rest of the network. In the present study
a high modularity score for the Science-Art-Philosophy network—which has been
generated by taking into account multiple triads—would indicate that the Science, Art,
and Philosophy clusters are each internally cohesive and relatively self-contained:
concepts and figures associated with Science would be more strongly related to one
another than to concepts and figures related to Art. Consequently, this would suggest
that, despite sharing a common historical moment, the three fields maintained distinct
conceptual identities in the 17th century. In contrast, a low modularity score would
point to a more entangled cultural landscape, in which the boundaries between

Science, Art, and Philosophy are blurred and nodes cross cluster boundaries freely.

As mentioned earlier, this part of analysis, is not limited to a single network. More

specifically, one network per triad is constructed and the goal is to characterize a
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historical period using the averaged metrics from a plethora of triads of individuals
from that period. The issue is that each of these networks might differ in size, density,
and the distribution of link weights. All these structural differences affect how high the
raw modularity score Q can theoretically get, independent of how well-clustered the
network actually is. For instance, a network with very unequal cluster sizes, has a lower
theoretical ceiling for Q than a network with balanced clusters. This means that if raw
Q values are compared directly, modularity could mistakenly show that one triad is less
clustered than another, when in reality a triad had simply lower maximum possible
score to begin with. For this reason, we start by calculating the maximum achievable
modularity for each network:

S¢
e

Cc

Qmax =1

Then a normalisation is performed prior to comparison by dividing each network’s Q

by its own maximum Qpqy:

Q

QM ax

Qn

This normalisation places every network on the same [0,1] scale where the score
reflects how close the network comes to its own best possible clustering and not on
some absolute ceiling. This makes cross-triad comparisons meaningful and

interpretable.
Cluster properties
Assortativity

While modularity summarises the overall degree of clustering in a single number, the
assortativity matrix A provides a more detailed picture by capturing which clusters tend

to connect with which. Each element a;; of this matrix records the total weight of links

that run between nodes belonging to a cluster i and nodes belonging to cluster j.
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Diagonal elements (i.e., where i = j) therefore represent internal connections within a

cluster, while off-diagonal elements represent inter-cluster connections.

As in modularity, to facilitate interpretation and comparison, the matrix is normalised

by dividing each element by the sum of all elements in the matrix:

A
AN=_

Where ||A|| denotes the sum of all entries in A. Each entry in the resulting normalised
matrix Ay then expresses the proportion of total link weight that flows between a given
pair of clusters. This metric can tell us, for instance, whether two particular clusters
share a disproportionately large share of connections relative to the rest of the

network.

In the context of the present study, the assortativity matrix allows the analysis to go
beyond the binary question of whether clusters are well-separated or not, and instead
ask a more nuanced question: which fields were conceptually closer to each other in
the 17th century, and which were more distant? This is answered by this method,
because, for a given triad, the off-diagonal elements of Ay directly quantify the degree
of conceptual overlap between pairs of clusters. For instance, a relatively large value in
the cell corresponding to the science and philosophy clusters would indicate that
substantial proportion of the network’s connections flow between those two fields—
which would be consistent with the visual observation in the network presented in
Figure 5. A small value in the cell corresponding to Art and Science, by contrast, would
confirm that the cluster of Art is more isolated from the cluster of Science; something

that visualisation suggests too (see Figure 5).

This is important for this analysis for two reasons: 1) It provides a quantitative
foundation for claims that might otherwise rest solely on visual inspection of the
network layout. 2) Because the matrix is computed separately for each triad, it enables

systematic comparison across triads. For example, with this method, we can see
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whether the relative proximity of Science and Philosophy is a stable pattern that recurs
across multiple triads, or whether it is specific to the Vermeer-Huygens-Pascal
configuration. In this way, assortativity contributes directly to the broader goal of
characterizing the structure of 17th century intellectual culture through the lens of

network analysis.
Openness

A complementary perspective on cluster structure is provided by the measure of
openness, which shifts attention from the network level to the level of individual nodes
within each cluster. A node is considered open if the sum of its link weights to nodes
outside its own cluster (its external strength) exceeds the sum of its links weights to

nodes within its cluster (its internal strength).

Openness Op for a given cluster is defined as the percentage of nodes in that cluster
for which external strength exceeds internal strength. It therefore ranges from 0% (all
nodes are more strongly tied to their own cluster than to others) to 100% (all nodes
are more strongly connected outward that inward). A cluster with low openness is
relatively self-contained and internally cohesive, while a cluster with high openness is
more open with its members maintaining stronger ties across cluster boundaries than

within them.

In the context of the present study, openness gives an answer to the following
question: how self-contained each field was (i.e., Science, Art, Philosophy) in the 17th
century? For example, a low openness score for the Art cluster would suggest that the
concepts and figures connected to artists of that century were predominantly
connected to one another, forming a relatively enclosed conceptual world with limited
overlap with Science and Philosophy. By contrast, a high openness score for the
Science cluster would indicate that many of the figures and the concepts of scientists

of the 17th century were more strongly connected to nodes outside the Science cluster
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than within it. A finding like this one would point out to a field that was deeply

entangled with neighbouring intellectual traditions rather than operating in isolation.

In historical terms, this is a meaningful difference. If the Philosophy cluster shows high
openness, it would suggest that engagement with Art and Science was not limited to
a few individuals, but it is a feature that could characterise the entire period under
study (the 17th century). On the other hand, if openness is low but assortativity reveals
strong ties between specific cluster pairs, it would suggest that cross-field exchange
was mediated by a small number of pivotal nodes, which could then be identified and

examined more closely.
Node-level properties
Node Connectivity

To enhance the general picture that can be obtained by the previous methodological
steps, the focus turns to individual nodes and the specific patterns of their connections.
Although the networks studied at this part of the thesis are undirected, it is analytically

useful to decompose each node’s total connectivity into two components:

- Internal strength (s;,;): the sum of weighted links connecting a node to other
nodes within the same cluster.
- External strength (s,,;): the sum of weighted links connecting a node to nodes

in other clusters.

This decomposition makes it possible to identify, for instance, whether a particular
node acts as a bridge between communities and/or a hub within each own cluster. The
former is denoted by a high external strength the latter by high internal strength. This
information, in turn, provides insight into the structural role that entity plays in the

broader network.
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In the context of the present study, this measure allows the insights of this study to
move from broad structural patterns down to the level of specific concepts, figures, or
artefacts and examine the role each of these nodes play in the cultural landscape of
the 17th century (see Focus Reading in Introduction). This is important because it shifts
the focus from the structural to the interpretive. In other words, identifying the nodes
with the highest bridging capacity is particularly valuable in a humanities context
because those nodes can refer to concepts or figures that played a genuinely cross-
field role and now can be studied at a larger scale. Moreover, this kind of finding would
be difficult to arrive at through close reading alone, and it illustrates one of the
important contributions that a computational study can offer to historical and cultural

inquiry.
Bootstrapping

The network measures described above (e.g., Modularity, Assortativity, Openness, and
Node Connectivity) are all derived from a single instance of each network. To ensure
that the values obtained are stable features of the underlying cultural structure as this
structured is presented through Wikipedia at a particular point in time, we use the

bootstrapping method.

This method is used in this study to report all the statistical quantities, including means,
variances, and derived coefficients. Bootstrapping is a computational resampling
technique that estimates the reliability of a statistical result without requiring access
to the full population of data [28, 29]. Moreover, it does not assume any particular
theoretical distribution for the data. The only assumption behind this methodology is
that the sample should be representative of the population which is most likely to
happen with a larger number of iterations [30, 31]. The method works by repeatedly
drawing random samples with replacement from the dataset, computing the statistic
of interest on each resample, and using the distribution of those repeated estimates

to characterise uncertainty and construct confidence intervals.
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Replacement in the context of the bootstrap method means that the drawn data points
in one iteration return to the dataset and can be re-drawn in a next iteration. That
means that every observation in the original dataset is eligible to be selected, even if
it has already been chosen in that same resample. A single resample may therefore
contain some observations multiple times and omit others entirely. The point of this
procedure is not to generate new data, but to simulate the variability one would expect
if the study were repeated many times under similar conditions. Usually, the
resampling process is carried out multiple times (in the case of this study, the
resampling was performed 1000 times). After a large number of resamples, the
resulting distribution of estimates gives a reliable picture of how stable or variable a

given statistic is.

This stability is particularly informative in the study presented here because the
analysis compares multiple triads, and it is important to establish that observed
differences between them are statistically robust rather than by chance. In general, this
approach speaks to one of the central methodological challenges of applying
quantitative tools to historical and cultural data. Unlike controlled experimental data,
the networks studied here cannot be replicated under different conditions, and the
entities they represent (i.e., 17th century scientists, artists, philosophers, and the
concepts associated with them) cannot be resampled from some larger population in
any literal sense. Bootstrapping offers a principled way to nonetheless reason about
uncertainty and reliability within these constraints, lending the quantitative findings a

degree of statistical credibility that would otherwise be difficult to establish.
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2.3. WikiTextGraph'?

The methodology introduced in Section 2.2 retrieved Wikipedia content pages through
online API requests, an approach that was well-suited to the bounded task for which
it was designed: characterising the cultural network connecting Art, Science, and
Philosophy in 17th-century Europe (see Results - section 3.7). That study demonstrated
that Wikipedia's network can function as a quantitative lens onto cultural history
through complex network analysis. However, the individuals under study spanned only
fifty years, and the three disciplines examined represented a narrow slice of Wikipedia's
full network. These constraints were acceptable at that stage of the analysis, but they
become an obstacle when the goal is to extend the temporal window and expand the
population of articles to approximately two million biographical pages. At that scale,
online API requests are no longer feasible: Wikipedia imposes rate limits on automated
queries, and the cumulative overhead of retrieving millions of individual pages through

repeated requests makes this approach computationally impractical.

Scaling up this kind of analysis is not only a matter of applying the same pipeline to
more data. It introduces two compounding problems that must be addressed together.
The first is computational. The English Wikipedia dump runs to several gigabytes in
compressed form and can expand to hundreds of gigabytes once unpacked. Loading
it into memory on standard research hardware is not feasible, and processing articles
one by one, without careful engineering, quickly exhausts available resources and runs
for impractically long periods. The second problem is one of accessibility. Researchers
without an advanced technical background face an additional obstacle, because
working directly with Wikipedia’'s raw data requires a high level of programming and
systems expertise. Together, these two barriers mean that working with the entirety of

Wikipedia's network may not be as straightforward as it seems and that a software that

12 WikiTextGraph has been published as a peer-reviewed software tool; the accompanying paper,
‘WikiTextGraph: A Python Tool for Parsing Multilingual Wikipedia Text and Graph Extraction,' appeared
in the Journal of Open Research Software [32].
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will deal with the issues mentioned above is necessary for working with cultural data

at scale in the field of digital humanities and cultural analytics.

Existing tools address parts of these problems, but none resolves them in a unified
way. General-purpose text extraction tools such as WikiExtractor [33] and Cirrus
Extractor [34] are designed primarily to produce clean plain text for Natural Language
Processing (NLP) applications; they do not construct link networks. The wiki-dump
parser [35] converts Wikipedia dumps into a structured format but relies on
WikiExtractor for text cleaning and does not resolve redirects. PyWikibot [36], a Python
library maintained by the Wikimedia Foundation, offers real-time data retrieval
through Wikipedia's APl and handles redirect resolution, but it queries the live website
article by article, making it orders of magnitude slower than processing a local dump
file directly. Other projects have released pre-built graph datasets for specific
languages or time windows [37, 38], but these cannot be easily updated or extended
to new language editions or dump snapshots. Taken together, no existing tool
combines efficient large-scale parsing, thorough text cleaning, redirect resolution,
broken link removal, and graph construction into a single coherent and reproducible

workflow that is accessible to researchers without deep programming expertise.

This gap is what motivates the development of a purpose-built tool. The following
section therefore introduces WikiTextGraph, an open-source Python library developed
as part of this thesis to parse Wikipedia dumps efficiently and to extract the complete
internal link network from any language edition of the encyclopaedia [32]. By
addressing both the computational and accessibility barriers within a unified workflow,
WikiTextGraph makes the large-scale cultural analysis that the remainder of this thesis

depends on both feasible and reproducible.
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2.3.1.  How WikiTextGraph Works

WikiTextGraph'? takes as input a compressed Wikipedia database file, known as a
dump, which the Wikimedia Foundation makes publicly available for every language
edition of the encyclopaedia. Compression here means that the file has been
algorithmically reduced in size for storage and distribution. These dumps are
distributed in XML format, a widely used way of structuring text data so that both
humans and computers can read it: content is wrapped in labelled tags that describe
what each piece of information represents, allowing the boundaries between articles,
titles, and other elements to be identified unambiguously. Together, compression and
XML formatting mean that the entirety of a Wikipedia language edition (i.e., all of its
articles, titles, and internal structure) is packaged into a single downloadable archive.
After this file has been provided to WikiTextGraph, the user also specifies which
language edition they are working with and where on their computer the output files
should be saved. Optionally, they can request that the tool construct a network graph
from the data, in addition to extracting the text. WikiTextGraph operates in two
sequential stages: the first is to parse and clean the articles, and the second, is graph

construction.

Stage 1: Parsing and Cleaning. Instead of loading the entire dump file into the
computer's working memory at once, WikiTextGraph reads and processes the dump
incrementally, handling ten thousand articles at a time. By processing articles in fixed-
size batches rather than all at once, the tool keeps the amount of data held in working
memory at any given moment small, making it possible to run the software on

standard research hardware rather than requiring specialist infrastructure.

The parsing method the tool uses is called SAX, which stands for Simple API for XML.
Parsing, in this context, means reading a structured file and identifying and extracting

the meaningful pieces of information within it — in this case, distinguishing article

3 https://github.com/PaschalisAg/WikiTextGraph
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titles from body text, and both from the many formatting and administrative elements
that surround them in the raw dump. Unlike parsing approaches that first read the
entire file into memory and build a complete internal map of its contents before any
processing begins, SAX reads the file from beginning to end in a single continuous
pass, acting on each piece of content as it is encountered and then discarding it. This
means the tool never needs to hold more than a small portion of the file in memory at

once, making it both fast and memory efficient.

WIKIPEDIA MARKUP DIRECTED NETWORK
Ocean acidification is caused by [[carbon dioxide]] e
dissolving in seawater, which reduces [[pH|acidity [ dcfort?f;: ] pH ] [ Coralireefs ]
levels]]. This process threatens [[coral reef#Bleaching x .
events|reef ecosystems worldwide]] and disrupts
[[marine food web#Phytoplankton]] dynamics. e
Unlike terrestrial ecosystems, [[pelagic zone|the acidiﬁec:'t‘ion
open ocean]] has limited buffering capacity. The
accelerations of [[greenhouse gas]] emissions since
industrialisation has intensified these effects Mare food ( _ Grecnhoucs
considerably. [ web Pelagiczone gas

—> :directed edges

Figure 6 lllustration of the link extraction and graph construction process applied to a single Wikipedia
article. The left panel shows a raw Wikipedia article on ocean acidification with wikilinks encoded in
MediaWiki markup syntax." Highlighted in green are the six article titles extracted by the regular
expression: carbon dioxide, pH, coral reefs, marine food web, pelagic zone, and greenhouse gas. Non-
extracted components (e.g., section anchors and display text) remain visually unmarked. The right panel
shows the directed network subgraph produced from this article: each extracted title becomes a target
node, the source article (ocean acidification) becomes a source node, and each link is recorded as a
directed edge pointing from source to target. This figure demonstrates the one-to-one correspondence
between link extraction and edge construction that underpins the graph construction pipeline described
in this section.

As the tool reads each article, it performs two types of filtering. The first removes entire
pages that do not contain encyclopaedic content. Wikipedia contains many pages that

serve administrative, navigational, or bibliographical purposes rather than presenting

4 MediaWiki markup syntax is the lightweight markup language used by Wikipedia and other Wikimedia
Foundation projects to format article content. It encodes text formatting, structure, and wikilinks using
a set of plain-text conventions interpreted by the MediaWiki software at render time. Wikilinks (i.e., links
between articles within the same wiki) are written using double square brackets, such that [ [Article
title]] renders as a clickable link to the corresponding article. The syntax also supports display text
variants ([ [Article title|display text]]), sectionanchors ([ [Article title#Section]]),
and combinations of both ([ [Article title#Section|display text]]), all of which resolve to
the same target article for the purposes of network construction.
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knowledge about a subject: templates, which are reusable formatting blueprints that
editors apply across multiple pages; category pages, which group articles by theme;
redirect pages, which exist solely to forward a reader from one title to another; help
pages, which document Wikipedia's own editing conventions; and disambiguation
pages, which list multiple articles that share a similar name. These are identified by
prefixes in their titles — that is, fixed strings of characters that appear at the very

beginning of the page title, such as "Template:", "Category:", or "Help:" — and are

excluded from further processing (see Appendix - A2.1. Page-level filter).

The second type of filtering removes non-content sections from within articles that do
pass the first check. Sections such as "References”, "External links", "See also", and
"Further reading" appear at the end of most Wikipedia articles and do not form part
of the encyclopaedic narrative. The tool stops extracting text from an article when it

encounters one of these section headings (see Appendix - A2.2. Sections filter).

After these filtering steps, the tool removes additional formatting elements that are
part of MediaWiki markup syntax' but that are not part of the readable text itself.
These include HTML comment tags, which are notes left by editors that are invisible to
ordinary readers but present in the raw file; citation reference tags, which encode the
footnote markers attached to inline references; and templating constructs such as
infoboxes, which are the structured summary tables that appear in the upper-right
corner of many Wikipedia articles. Stripping these elements out leaves only the plain
prose of each article's main body. The title and cleaned text of each processed article
are then written to disk in batches as processing proceeds, rather than being
accumulated in working memory until the entire dump has been read. This further
reduces the tool's memory demands and ensures that no work is lost if processing is

interrupted (for an overview of Stage 1 see Figure 7).

5> For the definition see Footnote 14.
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Stage 1 — Parsing and cleaning

SAX batch reader
Single-pass XML - 10 000 articles per batch - low memory

Page-level filter
Drop templates, categories, redirects, help, disambiguation...

Section filter
Stop at References, External links, See also, Further reading

= discarded

Markup cleaner
Strip HTML comments, citation tags, infoboxes, templates

Batch write to disk — title + clean text

Clean text corpus
Output files on disk

Stage 2 — Graph construction

Build network graph from extracted article links

Figure 7 The full pipeline of WikiTextGraph from top to bottom. The teal boxes at the top represent the
four inputs. Focusing on Stage 1 the diagram presents how WikiTextGraph, given the input, processes
and prepares Wikipedia articles. The output is Wikipedia content articles cleaned and pre-processed.
Stage 2 picks up from the clean output and builds the network graph.

Stage 2: Graph Construction. After parsing and cleaning the content articles,
WikiTextGraph proceeds to extract the wikilinks from the cleaned articles and uses
them to construct a directed network. In this case, each Wikipedia article corresponds
to a node, and each wikilink from one article to another corresponds to an edge. The
network is directed, meaning that every connection has an explicit direction associated
with it: a link from article A to article B is recorded as an edge going from A to B and

is treated as distinct from a link travelling in the opposite direction, from B to A.

As mentioned earlier, internal links in Wikipedia are written in a MediaWiki markup
syntax using double square brackets (refer to Figure 6)."° The tool uses a pattern-
matching procedure, called a regular expression, to identify all such links within each
article's text (see Code Block 1). A regular expression is a precisely defined sequence

of characters that instructs the computer to search a body of text and locate all

16 Refer to footnote 9 for the definition of MediaWiki markup syntax and a few examples.
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passages that match a particular structural pattern, in much the same way that a search
function can find every occurrence of a word in a document, but with the added ability
to describe flexible patterns rather than fixed strings. This procedure handles the
various ways a link can be written in Wikipedia markup, including links that point to a
specific section within an article rather than its opening, links that display different text
to the reader than the article title they reference, and links that combine both features.
In each case, regardless of the specific form the markup takes, the tool extracts only

the title of the target article.

Code Block 1 Regular expression used to detect the different types of wikilinks. The regular expression is designed
to capture wiki markup patterns (e.g., sections, alternative text, etc.) while preserving only the main article link.

N[
r'([~#]+)
r'#((M)?
r'EA[AM )

r\I\I'

Before the network is finalised, several cleaning steps are applied to ensure its accuracy
and integrity. First, link targets are normalised, meaning they are brought into a
consistent form so that equivalent references are treated as identical by the software.
Wikipedia article titles can be written with either spaces or underscores between
words, and both forms appear in the raw dump. The tool converts all underscores to
spaces so that references to the same article are recognised as pointing to the same

node regardless of how they happened to be written.

Second, redirects are resolved (see Figure 8). A redirect is a Wikipedia page that exists
solely to forward readers from one title to another, for example from an alternative

spelling, a common abbreviation, or a former name to the canonical article that carries
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the full encyclopaedic content. If redirects are left unresolved, what is actually the same
article appears as multiple distinct nodes in the network, artificially inflating its size and
distorting the connection structure. WikiTextGraph builds a complete mapping of
every redirect page to its final target article and replaces all redirect links with the
canonical target before the network is assembled. This mapping is stored in a
compressed file, meaning it is saved in a space-efficient encoded form, that can also
be consulted independently by researchers who wish to study redirect patterns as a

phenomenon in their own right.

Redirect resolution

Figure 8 Visualisation of the redirect resolution process. The left panel shows the unresolved state:
article A contains a link pointing to a redirect page for article B, which in turn forwards to B itself. The
right panel shows the resolved state: WikiTextGraph detects the intermediate redirect, removes the edge
to the redirect page, and replaces it with a direct edge from A to B. The redirect node (shown in orange
with a dashed border) is excluded from the final network; only canonical article nodes are retained.

Third, broken links are removed. These are links whose target page does not exist in
the dump, either because the page was deleted at some point before the dump was
created or because it was referenced but never written. Retaining such links would
introduce nodes into the network that have no associated article content, which would

undermine the integrity of subsequent analyses.

Fourth, links to other language editions of Wikipedia are excluded. Although Wikipedia
articles sometimes contain links that point to their counterparts in other languages,

these cross-language links are filtered out so that each language edition is treated as
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a self-contained network. This ensures that the structure of the resulting graph reflects

only the internal knowledge organisation of the edition under study.

Fifth, self-loops and duplicate edges are removed. A self-loop is an edge that connects
a node to itself, which in this context would mean an article containing a wikilink to its
own page. A duplicate edge is one that records the same connection between the
same two articles more than once, which can occur when a link appears multiple times
within a single article's text. Neither self-loops nor duplicate edges carry meaningful
information for the kind of network analysis this thesis undertakes; thus both are

discarded.

The resulting network is stored as a table of source and target pairs, where each row
records one directed edge connecting two articles. To allow large graphs to be loaded
and processed efficiently, each article is assigned a unique numerical identifier rather
than being referred to by its full title throughout the table. Numerical identifiers are
faster for computers to compare and look up than text strings of variable length, which
is an important consideration when the network contains millions of nodes. A separate
lookup table is saved alongside the edge table, mapping each numerical identifier back
to its corresponding article title so that results can be interpreted in human-readable
terms at any point in the analysis. The edge table itself is saved in the Parquet format,
a file format specifically designed for storing large tabular datasets in a way that
minimises disk space and allows specific columns to be read into memory without
loading the entire file, making it well suited to the scale of data involved here (see

Figure 9).
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‘ Clean text corpus ‘

|

Regex link extractor
Finds [[link]], [[link|text]], [[link#section]]

I

1 — Normalise titles
Underscores — spaces

Link cleaning

2 — Resolve redirects | Redirect map |

Map aliases to canonical article title Compressed file

3 — Remove broken links
Drop targets absent from the dump

4 — Exclude cross-language links
Each language edition is self-contained

5 — Remove self-loops and duplicates
Deduplicate edges; drop A = A

Assign numeric IDs
Each article — unique integer

Edge table | Title lookup table
source ID — target ID - Parquet ID — article title

Directed network: article = node - internal link = edge

Figure 9 Graph construction pipeline for WikiTextGraph. Wikilinks are extracted from the cleaned article
corpus via regular expression, retaining only the target article title. Links are then cleaned through five
sequential operations: title normalisation, redirect resolution, removal of broken links, exclusion of
cross-language links, and deduplication. Each surviving article is assigned a unique integer identifier.
The final network is stored as a Parquet edge table of source-target identifier pairs and a title lookup
table. Nodes represent articles; directed edges represent wikilinks.

Graphical User Interface (GUI). The tool can be operated in two ways to ensure that
users with no technical background can use this software. For instance, users
comfortable with the command line can run it by passing the required parameters as
arguments to a Python script. Users unfamiliar with command-line environments can

instead use a graphical interface, which presents the same options through a point-
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and-click window: selecting the dump file, choosing the language edition, specifying
the output location, and deciding whether to generate the graph (see Figure 10). Once
processing begins, the graphical interface closes to free up memory and can be

reopened by launching the tool again if needed.

WikiTextGraph
Wikipedia XML Dump Processing Tool

Mes Z‘/.Z% jes

Funded by Mestizajes

Step 1: Select Compressed XML Dump File

[ Browse... ]

No file selected

Step 2: Select Language
e v
Step 3: Generate Graph

O Yes No

Step 4: Select Output Directory

[ Browse... ]

No directory selected

[ Start Processing

[ GitHub Repo ] [ Contact Dev ]

Figure 10 Graphical User Interface (GUI) of WikiTextGraph. Users not familiar with running this software
through their computer’'s command line can use the GUI.
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2.4. Biographical Network Construction'’

24.1. Introduction

Section 2.2 outlined and explained the methodology used to map the cultural network
of Science, Art, and Philosophy within a defined historical window: the first five decades
of the 17th century. Section 2.3 then expanded this scope by introducing
WikiTextGraph, an open-source Python library capable of parsing the full English
Wikipedia dump, cleaning its articles, and extracting the underlying graph structure.
Building on both approaches while addressing their limitations, the present section
details the methodology applied to analyse nearly two million biographical entries,
with particular focus on the cultural networks of scientists and philosophers across

twenty-five centuries.
2.4.2.  Extraction and Classification of Biographical Pages

When expanding the scope of the analysis to cover all possible biographical pages on
Wikipedia, a fundamental identification problem arises: out of the approximately 7
million articles that make up the English Wikipedia, it is not immediately clear which
ones describe real people. Three approaches exist for solving this problem, each with

each own limitation.

The first approach, used in Section 2.2, relies on the infobox (i.e., the structured
summary box that appears in the top-right corner of many Wikipedia articles and
contains key facts such as a person's date of birth, nationality, or occupation). While
detecting biographical pages through the infobox is a valid strategy [39], many studies
have shown that the infobox is not a consistent feature across Wikipedia: a large

number of biographical articles either lack an infobox entirely or have one that is

7 The methodology presented in Section 2.4 has been presented in the paper “Temporal and Semantic
Patterns in Wikipedia's Biographical Network” which has been submitted to the Journal of Cultural
Analytics and, as of the time of writing (May 2026), it is under review.

80



CHAPTER 2 - METHODOLOGY
incomplete [40, 41]. As a result, any method that relies solely on the infobox will

systematically miss a significant portion of biographical pages.

The second approach makes use of Wikipedia's own internal listing system [42, 43].
Wikipedia maintains a set of pages that group articles about people according to
various criteria (for example, by occupation, by nationality, or by whether the person
is living or deceased).’® Consulting these lists could in principle yield a more complete
set of biographical pages than the infobox method. However, this approach is
computationally expensive: it requires fetching and parsing each of these listing pages
one by one, then following the links to the individual biographical articles, which makes

it impractical when working at the scale of millions of articles.

The third approach, and the one adopted in this study, avoids both of these limitations
by turning to Wikidata; a structured knowledge database that runs alongside
Wikipedia and stores factual information in machine-readable format [44]. Unlike the
infobox method, Wikidata assigns every concept or entity a unique identifier called a
"Q-number". It is important to clarify that the Q-number for the concept "human" is
Q5, meaning that every person who has a Wikidata entry is explicitly tagged as such,
independently of whether their Wikipedia article contains an infobox or appears in any
listing page. This makes Q5 a reliable and consistent criterion for identifying

biographical pages at scale (see Figure 11).

8 hitps://en.wikipedia.org/wiki/List_of lists of lists#People
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= (Il wikipATA v Search

Freddie Mercury (:ss69)

ltem Read

British singer, songwriter and musician, frontman of the rock band Queen (1946-1991)

Language Label Description Also known as

detault for all Freddie Mercury Farrokh Bulsara
languages

English Freddie Mercury British singer, songwriter and musician, frontman  Farrokh Bulsara

of the rock band Queen (1946-1991) Freddy Mercury
Larry Lurex
Spanish Freddie Mercury cantante y compositor britanico Farrokh Bulsara Statements
Catalan Freddie Mercury masic britanic, cantant i lider del grup de rock Farrokh Bulsara
Queen
Galician Freddie Mercury cantante e lider do grupo britanico Frederick Bulsara Mercury

Statements

instance of

Figure 11 Screenshot of the Wikidata entry for Freddie Mercury (Q15869), illustrating the structure of a
Wikidata record. Each entity in Wikidata is assigned a unique identifier (Q-number) and described
through a set of structured statements. The magnified panel highlights the "instance of: human"
statement, which corresponds to the Q5 identifier, the property used in this study to systematically
identify all biographical entities across the English Wikipedia.

To extract all Q5 entities efficiently and avoid the processing delays caused by querying
Wikidata's online interface directly — which imposes strict limits on the number of
requests that can be made — we instead parsed the full Wikidata dump of January
23rd, 2025. For each Q5 entity found in this dump, we extracted the corresponding
English Wikipedia article title, the date of birth, and, where available, the date of death.
We then applied WikiTextGraph (see Section 2.4) to the English Wikipedia dump of the
same date to extract all content pages and the link graph of that version of Wikipedia.
By matching the article titles obtained from Wikidata with those extracted from
Wikipedia, we obtained a final list of 1,935,343 biographical entries, a number
consistent with independent estimates reported by other sources [45, 46] (refer to

Figure 12 for the overview of the step followed).
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Wikidata dump Wikipedia dump
23 Jan 2025 - offline 23 Jan 2025 - offline

Filter Q5 entities WikiTextGraph
instance of: human (Q5) Extract content pages
Extract title - DOB - DOD Build link graph

Biographical list Article title list
Title - DOB - DOD per entity All content page titles

Match by article title

Biographical corpus
1,935,343 entries - title - DOB - DOD

@ wikidata @ wikipedia B outout

Figure 12 Pipeline for the construction of the biographical corpus. Two parallel processing tracks
operate on offline dumps of Wikidata and English Wikipedia, both dated 23 January 2025. The Wikidata
track (purple) filters all entities classified as human (Q5) and extracts for each the corresponding English
Wikipedia article title, Date Of Birth (DOB), and, where available, Date Of Death (DOD). The Wikipedia
track (teal) applies WikiTextGraph to parse all encyclopaedic content pages and construct the internal
link graph. The two tracks converge at a title-matching step, which retains only those Wikidata Q5
entities for which a corresponding Wikipedia article exists. The resulting biographical corpus comprises
1,935,343 entries, each associated with an article title, a date of birth, and, where recorded, a date of
death.

Once the biographical pages are identified, the next step necessary for the analysis, is
to detect what each person is known for. In Wikipedia's editorial conventions, the
opening sentence of a biographical article typically contains a brief description of the
person’s most significant role or contribution. For example, the English Wikipedia page
of Grace Hopper presents her notability features as: "an American scientist,
mathematician, and United States Navy rear admiral” (see Figure 13). Each of these
descriptors (e.g., computer scientist, mathematician, United States Navy rear admiral)
is in this thesis defined as notability feature. In other word, a notability feature is the
occupation, skill, or domain of activity for which a person is primarily recognised on

Wikipedia.
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Three important things should be noted about the notability features on Wikipedia.
First, a single person can have more than one notability feature, as the Grace Hopper
example illustrates. Second, notability features are not fixed across languages: the
same person may be described differently in the English Wikipedia than in, say, the
Spanish or Arabic edition, reflecting different editorial priorities across language
communities. Third, and most importantly, notability features represent the judgement
of contemporary Wikipedia editors about what a person is best remembered for. For
this reason, they do not necessarily reflect how that person identified themselves, or

how they were perceived in their own time.

Grace Brewster Hopper (December 9, 1906 -
January 1, 1992) was an American computer
scientist, mathematician and United States Navy
rear admiral.

Grace Brewster Hopper was an American
computer scientist, mathematician and United
States Navy rear admiral.

Grace Brewster Hopper. american computer
scientist, mathematician, united states navy rear
admiral.

Figure 13 Representation of the detection of notability features using as an example the biographical
page of Grace Hopper as of the 6™ of May 2026. The upper box shows the first sentence of the
biographical article of Grace Hopper as it appears in the English Wikipedia. The middle box shows what
the algorithm is going to recognise as notability features from this first sentence. The bottom box shows
the final output after cleaning unnecessary text elements from the final output.

Stanza, a software tool that can analyse texts either be breaking it into its components
(e.g., tokens) or by assigning part of speech tags to words, was used to isolate the first
sentence of each article automatically [47]. More specifically, in the case of this thesis,
Stanza was used for sentence tokenisation which is the process of automatically

detecting where one sentence ends and the next begins. Once the first sentence was
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isolated, a rule-based algorithm was applied to detect and extract the notability
features it contains. A rule-based algorithm is a set of explicit, human-written
instructions that the computer follows step by step, as opposed to a system that learns

patterns from data. The algorithm operates in four stages:

First, the sentence is cleaned: leading and trailing spaces are removed, and any
parenthetical content — such as dates of birth, pronunciation guides, or Wikipedia
formatting templates — is stripped out, since these elements could otherwise interfere
with the extraction. The text is also lowercased to ensure consistent matching. Second,
the algorithm searches the cleaned sentence for the first occurrence of a copular or
function verb — that is, a linking verb such as is, was, were, served, or played — which
in biographical writing typically introduces the description of who the person is.
Everything that follows this verb is treated as the region where the notability features
are most likely to appear. If no such verb is found, the biography is skipped, as no
features can be reliably extracted. Third, the text in this candidate region is broken into
individual tokens, and the algorithm reads through them one by one until it encounters
a clause-boundary word — such as who, which, for, from, or best — that typically
signals the start of additional context rather than a core description (for example, "who
was born in..." or "best known for..."). Everything before this boundary word is kept as
the candidate descriptor. Fourth, since a person can have more than one notability
feature, the candidate descriptor is split wherever a comma, semicolon, or coordinating
conjunction such as and appears — reflecting the common Wikipedia pattern of listing
multiple roles in sequence, as in "scientist, mathematician, and rear admiral." Two fixed
expressions, rock and roll and track and field, are deliberately protected from this
splitting step, as their internal and is part of the phrase itself rather than a list separator.
The resulting segments are then cleaned of leading articles (a, an, the) and

punctuation, yielding the final list of notability features for each biography.

Having the notability features extracted, the next step is to organize them into a set of

categories. The previous approach used in Section 2.2.2 used a limited set of keywords
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to perform that task. Even though that approach worked well for a limited number of
biographies, in the case of this analysis the heterogeneity of fields in which an
individual can belong raises sharply, thus the approach should be broad enough to be

able to recognise fields that are not so common.

Previous studies mostly have used the categories under Wikipedia native lists to
classify individuals into their fields of activity [12, 48]. However, as some studies have
shown, Wikipedia's native category system is unstable and complex which makes the
classification task even more difficult [48, 49]. At the same time, as in the case of
infobox to detect biographies, nothing ensures that all biographies have been listed in
one of Wikipedia's native category systems. For these reasons the approach followed

here uses embeddings as a classification task.

The classification task was carried out through a three-step computational process.
First, the text was standardised to ensure consistent orthography across the same
terms. For instance, each word is lowercased and lemmatized which means that each
word is reduced to its dictionary form (e.g., “writers” becomes “writer”). This ensures
that slight spelling or grammatical variations do not prevent two phrases that mean

the same thing from being recorded as equivalent.

Second, each text is converted into numbers (embeddings). In other words, each
standardised notability phrase is converted into a numerical vector using a machine
learning model called Sentence Transformer [50]."° A vector is simply an ordered list
of number (in this case, 768 numbers) that encode the meaning of a phrase in a form
a computer can compare and calculate with [51]. One feature of these vectors that
should be remembered is that phrases with similar meanings end up close to one

another in this numerical space. This type of embedding (i.e., Sentence Transformer) is

" The model used is https://huggingface.co/sentence-transformers/paraphrase-multilingual-mpnet-
base-v2
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chosen because previous studies have shown that contextual embeddings outperform

static embeddings [52-54].

Third, once all notability features and Fields of Human Activity (henceforward: FHAs)?°
are represented as vectors, agglomerative clustering is performed which is a bottom-
up grouping process that starts by treating every phrase as its own group and then
progressively merged the most similar ones. It should be noted that two phrases are
considered similar if their vectors are close in the numerical space. How close two
vectors are to each other is measured using cosine similarity which measures the angle
between two vectors: a value of 1 means that the two vectors are exactly the same,
and a value of 0 means that two vectors are completely unrelated. For example,
“Spanish author” and “French author” will be merged into the same cluster because
their meanings are similar but not exactly the same. For each resulting cluster, mean
pooling is applied which results in a representative vector after averaging all vectors
in it. This representative vector is then compared to the pre-defined vectors for each
of the 13 FHAs: Sports, Government & Law, Dramaturgical Arts, Applied Arts, Music,
Literature, Humanities & Philosophy, Business, Science, Religion, Media, Military, and
Healthcare & Medicine. Whichever FHA vector was closest determined the category
assigned to that cluster. So, for example, a cluster centred around the concept of

"athlete" would be matched to the FHA of Sports.

We chose to group them into 13 broad FHAs (see Appendix A — A3.1. Fields of Human
Activity (FHAs)). The final classification scheme was refined through an iterative
process: starting from previous studies [48] and continuing with manual validation of
the results to ensure that the majority of the notability features fit into the defined
FHAs. Furthermore, to evaluate the reliability of this assignment process, a random

sample of 500 biographies is manually annotated, and these annotations were

20 |n this analysis we use the term “Field of Human Activity” as proposed by Eom and Shepelyansky [55]
because | believe that it describes more clearly this types of classes. However, it is worth mentioning
that previous studies have used terms like: categories [48], cycles [9], and occupations [56].
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compared to the algorithmic assignments. Performance is evaluated using normalized

accuracy (0.978) and multi-label precision (0.983), recall (0.986), and F1 score (0.985).

At this point, a note on retrospective labelling is necessary. Assigning a label such as
"Science" to a figure from Classical Antiquity or the Middle Ages is, strictly speaking,
an anachronism: the concept of Science as a distinct discipline did not exist in those
periods. A scholar like Archimedes, for instance, would not have identified himself as
a scientist or an engineer — these are modern categories. In his own time, his work
would have been understood as part of a broader, undivided intellectual tradition that
we might today call Natural Philosophy, in which mathematics, the study of nature,
and philosophical reasoning were not yet separated into distinct fields. Similarly, many
medieval scholars were polymaths (i.e., individuals who worked across what we would
now consider multiple disciplines simultaneously) making it impossible to assign them

cleanly to a single modern category.

Despite this, the FHA labels used in this study are not applied arbitrarily. Because
Wikipedia is built and maintained by contemporary editors, its biographical articles
already describe historical figures using modern terminology. Archimedes, for
example, is described on his English Wikipedia page as a mathematician, physicist,
engineer, and inventor — all modern labels applied retrospectively. This means that
the notability features extracted from Wikipedia's first sentences already carry this
modern framing, and the FHA labels assigned in this study reflect that framing rather

than imposing an additional layer of anachronism.

The use of 13 broad FHA categories is therefore a deliberate methodological choice,
made for two practical reasons. First, finer-grained subcategories (e.g., "astrophysics"
or "organic chemistry") would be historically meaningless for the majority of the
twenty-five centuries covered by this study and would produce extremely sparse data
for earlier periods. Second, broader categories provide a stable and consistent

framework across the entire time span, making long-term comparisons possible.
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2.4.3. Biography-to-biography network

At this stage of the methodology, three pieces of information are available for each
person in the dataset: their English Wikipedia title, the century in which they were born,
and the FHAs they have been assigned to in the previous step (see section 2.4.2). The
next step is to create a biography-to-biography network, which is a structured map of

the wikilinks that connect biographical Wikipedia articles to one another.

To understand what this means, it helps to recall what a network is in the most basic
sense: a collection of nodes (the things being connected) and edges (the connections
between them). In this network, each node is a Wikipedia biographical article —
representing one person — and each edge is a directed wikilink from one biographical
article to another. As mentioned earlier, the word “directed” here is important because
it means that a link has a clear origin and a clear destination. For instance, as of the
time of writing, the English Wikipedia article on Aristotle contains a wikilink to the

article on Galileo Galilei but not the other way around.

To construct the biography-biography network, | begin with the complete English
Wikipedia network of content pages and then filter it to retain only biographical pages
as sources and targets. This filtering step produces a subnetwork that is substantially
smaller than the full Wikipedia graph and qualitatively different from it: every node in
the resulting network represents a person, and every directed edge is a hyperlink from
one biographical article to another. The resulting directed network contains 1,360,200

nodes and 7,998,710 edges.
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Figure 14 Overview of the data processing pipeline, from the entire Wikipedia network of content
articles to the network of notability features over time. (A) The full network of English Wikipedia articles,
where nodes represent individual pages and edges represent wikilinks. (B) The biography-to-biography
network, created by filtering the full network to include only links between biographical articles. (C) The
network of notability features over time, generated by grouping biographies by FHA and century of
birth. This representation allows us to analyse how different FHAs are connected across historical
periods, as reflected in Wikipedia's internal link structure.

At this point, it is worth pausing to note what a link in this network represents. When
a Wikipedia editor writes an article about a person and inserts a wikilink to another
person's article, that is a deliberate editorial choice; a statement, however implicit, that
these two individuals are related or relevant to one another. The biography-to-
biography network therefore captures not just who is mentioned alongside whom, but
also the retrospective judgements that contemporary Wikipedia editors have made

about which historical figures belong in each other's company (see Introduction).

The goal of this analysis is to focus on the broad historical patterns that emerge from

the connections between people of different fields. However, working directly with
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nearly 1.4 million nodes and almost 8 million edges means that there is a level of detail
that is too fine-grained to reveal the broad structural patterns that emerge across FHAs
and centuries. Therefore, to make the data manageable and to enable comparisons
across long periods of time, the individual biographical nodes are grouped together

into their FHAs, producing what is called here the Network of FHAs Across Centuries.

The grouping works as follows: Every biographical page is placed into a group defined
by two properties simultaneously: their FHA and their century of birth. For example, all
scientists born in the 17th century form one group, all scientists born in the 18th
century form another, all philosophers born in the 17th century form yet another, and
so on. Each of these groups becomes a single node in the new, aggregated network.
A node might therefore be labelled "Science, 17th century” or "Humanities &

Philosophy, 5th century BCE."

Once the nodes are defined in this way, the edges between them are constructed by
counting how many wikilinks connect the biographical articles in one group to those
in another. If, for example, the Wikipedia articles of 17th-century scientists collectively
contain 450 wikilinks pointing to articles about ancient Greek scientists, then the edge
from the node "Science, 17th century" to the node "Science, 5th century BCE" carries
a weight of 450. Weight here simply means the strength or intensity of the connection.
In other words, a "heavier” edge means more links flow between those two groups.
The result is a weighted directed network, where both the direction of the connections
and their numerical strength are preserved (see Figure 14). This aggregation step is
what makes large-scale historical patterns to emerge. Instead of asking "does Newton
link to Aristotle?", the network now allows us to ask questions at a much broader level:
"do scientists of the Modern Era tend to link to scientists of the Classical Era, and if so,

how strongly?”.
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2.4.4. Weight Normalisation & Network Filtering

The previous step constructed a direct weighted network of biographies. However, the
weight of edges is the raw count of links which raises an issue when comparing
individuals from different historical periods. Some centuries are represented by
thousands of biographies, while others in the distant past contain only a small number.
Additionally, a group with more outgoing links will produce more outgoing links
simply because there are more articles to link from and not necessarily because this
group is historically more connected. At the same time, more recent centuries tend to
have far more Wikipedia coverage than earlier ones, which could make the Modern
Era appear artificially dominant in the network. To address this issue, the raw link
counts are normalised (i.e., converted from absolute numbers into proportions) so that

groups of different sizes can be more fairly compared with each other.

This normalization is performed in two complementary ways, each answering a slightly
different question. The first is the out-degree normalization, which looks at the
network from the perspective of the source (i.e., the group that sends the links). For
each pair of nodes i (source) and j (target), the raw number of connections w;; is
divided by the total number of links that node i sends out to all other nodes?":

w;j

Z?,=1 Wij

wi =
The result w;; can be read as: “Out of all the links that source group i sends out, what
fraction goes to target group j? In more simple terms, this tells us about the linking
priorities of the source group; where the "attention” of group is directed (for an

example see Appendix A — Weight Normalisation — Out-degree normalisation).

The second approach is the in-degree normalization, which approaches the networks

from the perspective of the target group; the group that receives the links. Here, the

T A node, as mentioned earlier, is a combination of the FHA and the century.
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raw number of connections w;; is divided by the total number of links that node j

receives from all other nodes:

W = Wi
ij —SYN .,
i=1 Wij

The result w;; can be read as: “out of all the links that the target group j receives, what

fraction comes from the source group i? This tells us about the historical visibility of
the target group. In other words, which groups reference it, and how much (for an
example see Appendix A — Weight normalisation — In-degree normalisation). The reason
both perspectives are important is that they can answer different questions from the
same underlying data. Moreover, they can reveal some asymmetries that might have
been encoded in the data that would not be visible if only one of the normalisations
was considered. Lastly, as the results show (see Results — Section 3.2) the choice of
normalisation is not merely a technical detail, but it affects the historical narratives that

emerge from the data.

Once the weights have been normalised, a three-step filtering process is applied
before the main analyses. The purpose of this filtering is to remove parts of the network
that are too sparse or too unbalanced to produce reliable results. Groups with very few
biographies or very few links could distort the patterns observed, since a single unusual
link would have an outsized influence on a group that contains only two or three
people. The three filters are applied sequentially, and the entire sequence is repeated
in a loop until the network stabilises and no further nodes are removed. Specifically:
Filter 1 removes any individual biographical page that has five or fewer outgoing links,
since pages with very few links provide insufficient information about a person's
connections; Filter 2 removes any FHA-century node that contains five or fewer
biographies, since a group that small cannot be considered representative of a broader
field or period; and Filter 3 removes any century that is represented by fewer than five
different FHAs, ensuring that each century retained in the dataset reflects a sufficiently

diverse range of human activity to support meaningful comparison.
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It is important to acknowledge the limitations of this filtering process. Some historically
significant figures are excluded because their century is too sparsely documented in
Wikipedia to meet these thresholds. Confucius and Sun Tzu, for example, do not
survive the filtering process, not because they are unimportant, but because the 5th
century BCE is represented by too few biographies across too few fields to be retained.
This is a limitation of the approach, but it is a necessary compromise: retaining poorly
documented centuries would introduce noise and statistical unreliability that would
undermine the validity of the comparisons made across the remaining twenty-five
centuries. Moreover, the threshold of five used across all three filters may appear
arbitrary, but it reflects a deliberate decision to balance between two competing risks:
setting it too low would allow centuries and fields with negligible data to distort the
results, while setting it too high would exclude a disproportionate number of
biographies and reduce the historical coverage of the dataset. After the filtering
converges, the dataset spans biographical articles from the 5th century BCE to the 20th
century CE, with fields such as Science, Humanities & Philosophy, Literature,
Government & Law, Military, and Religion represented across most of this range (for
the final result see Figure 15). This aggregation yields a weighted directed network in
which each node corresponds to a unique combination of century and FHA, and each
directed edge indicates that at least one biographical link exists between a source
node and a target node, whether within the same century or FHA, or across different
ones. The network contains 233 nodes and 18,097 edges. Each edge carries a weight
that reflects the normalised number of connections between the corresponding

century-FHA pairs, calculated using the normalisation procedure described above.
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Figure 15 Heatmap of the final iteration. Green cells represent the nodes (defined by century and FHA)
that are retained in the dataset after the data filtering control process.

2.5. Semantic Analysis

The methodology described in section 2.4 constructs a network where nodes are
biographical pages and edges are the wikilinks between them. Grouping biographies
into their respective FHAs makes it possible to study how interactions between fields
such as Science and Humanities & Philosophy changed across centuries, and to
identify periods of increased intellectual exchange. But this approach is limited to the
structure of connections. It can tell us which fields link to which, and how often. It
cannot say anything about the context in which those links occur. For instance,
grouping scientists by century of birth might reveal that the concepts appearing in
their linked biographies shift gradually over time. This could mean that scientists are

anchored to concepts associated with people from earlier centuries, which then give
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way to newer ones. Network structure alone cannot answer that kind of question. To
address this, the final part of the analysis (see Results — Section 3.2) turns to contextual
embeddings. These draw on advances in NLP, where contextual language models
encode words and entities as vectors that capture semantic relationships based on
usage. Within a digital humanities and cultural analytics framework, embeddings make
it possible to analyse cultural and historical meaning at scale. They complement
network structure with interpretable representations of how concepts and people are

situated within evolving textual contexts.
2.5.1. Embeddings

As very briefly explained in section 2.4.2, an embedding is a way of representing the
meaning of a piece of text as a vector. A vector of numbers is the component that a
computer needs to understand the difference between the words “physicist” and
“soldier”. For this reason, to perform any kind of meaningful comparison between
pieces of text, that text must first be converted into a numerical form that a computer
can work with. What makes embeddings extremely useful in a computational analysis
of textual data is the conversion from alphanumeric characters to a vector because this
process is designed to preserve meaning and be “understood” by a machine. Two
phrases that are semantically similar (e.g., refer to related concepts or are used in
similar contexts) will be mapped to vectors that are numerically close to one another

in this space [57, 58] (see Figure 16 for a schematic illustration).

96



CHAPTER 2 - METHODOLOGY

word vector (list of numbers) conceptual space

[0.82, 0.11, 0.76, 0.03,
0.91, 0.44, 0.67, ...]

physicist

[0.11, 0.76, 0.03, 0.91,

scientist 044,052,061 ...]

[0.14, 0.88, 0.09, 0.72,
0.31,00.95,0:22, ...]

[0.14, 0.82, 0.03, 0.69,
0:29;10.96/(0:22, ...]

Figure 16 Schematic illustration of the embedding process applied to four notability features. Each
word (left column) is converted by the embedding model into a vector; its vector representation (centre
column). These vectors are then placed as points in a conceptual space (right panel), where the distance
between any two points reflects the degree of semantic difference between the corresponding words.

This way of representing meaning aligns this type of analysis with the tradition of
cultural cartography, which aims to simplify texts in faithful ways while preserving the
graded, relational meanings of words [58-60]. Embedding models offer a concrete
means to do this: they allow the comparison of frequencies to be substituted with the
comparison of distances, by providing standardised maps of meaning space in which
semantic relations are realized as “spatial” relations. This is a very important aspect for
this study, since the questions of interest are inherently graded rather than discrete;
the network approach presented earlier to detect hotspots of connections between
FHAs follows also a graded approach. It is important to note, though, that embedding
models do not “understand” meaning in substantive sense, nor do the procedures built
on top of them substitute for interpretation [61, 62]. Rather, it would be more accurate

to talk about condensing information in order to facilitate interpretation [63].
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The specific type of embeddings used here are known as contextual embeddings,
produced by a Sentence-Transformer model.?? Unlike static embeddings which assign
a single fixed numerical representation to each word regardless of context, contextual
embeddings capture meaning as it functions within a given sentence or passage [64].
For instance, the word “bank” would receive different vector representations
depending on whether it appears in a text about finance or about rivers. Since this part
of the analysis aims to study how the context of outgoing links changes across time
given an FHA, this sensitivity to context makes contextual embeddings better suited
to the kind of nuanced semantic analysis required by the present study. Moreover, in
many cases they have been shown to outperform static embeddings in comparable

tasks (e.g., classification) [52-54, 65].

In practice, contextual embeddings are used in this study as follows: For every
biographical article in the English Wikipedia corpus, all outgoing wikilinks are
extracted. Each of these link titles is then passed through the Sentence Transformer
model mentioned above, which converts it into a 768-dimensional vector. That number
refers to the number of coordinates used to describe the item’s position in the

semantic space.

Once all the outgoing wikilinks from biographies belonging to a given century are
embedded in this way, their individual vectors are averaged together using a technique

called mean pooling (see Figure 17 for an overview of the approach):

This averaged vector v, corresponds to the centroid of the link embeddings. After

computing the centroid, L-2 normalisation is applied to ensure that the resulting vector

22 As in section 2.4.2 the model used is: https://huggingface.co/sentence-transformers/paraphrase-
multilingual-mpnet-base-v2.
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has unit length. In other words, that the resulting vector represents direction only,

without allowing the magnitude to influence the result:
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Figure 17 Computational workflow for constructing century-level semantic profiles. The method
involves extracting all outbound links from biographies of a given FHA and grouping them by the
subject’s birth century. These links—covering various entities such as individuals, concepts, and
objects—are mapped into a high-dimensional embedding space. Using mean pooling, a centroid vector
is computed for each century to represent the central trend of the period's information landscape.

Once each century is represented by a normalised semantic profile, pairs of centuries
can be compared using cosine distance, a standard measure for embedding similarity
[64]. Cosine distance captures how similar the directions of two vectors are which
means that if vectors point in the same direction, they have distance 0, while
increasingly different directions yield larger distances. Because the semantic profiles
of the centuries are L2-normalised, in my case, vector length does not affect the

comparison [64]:
deos(v,w)=1—-v-w

In the context of the analysis presented in Section 3.2, the semantic profile computed

for each century can be read as a compact summary of the aggregate referential field
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invoked by Wikipedia biographies of people born in that century, as encoded by a
particular Sentence-Transformer. Taken together, these profiles can be understood as
pointing toward something broader which we call here the semantic cultural landscape
of a given period. This is the wider terrain of references, associations, and conceptual
neighbourhoods within which the biographies of that century are situated. However,
there are some points worth noting. First, the profile is corpus-relative: it reflects the
references made by present-day English Wikipedia editors rather than historical reality,
and a different language edition would yield a different profile for the same century
(see Introduction). Second, it is a summary in a high-dimensional space and not a
description of the period's ideas. Third, since it is a centroid, it records the central
tendency of the referential field rather than its full internal structure; the landscape, in
other words, is only ever approached through its mean. Bearing this scope in mind, by
computing semantic profiles for each century and then measuring the cosine distance
between them, it becomes possible to ask whether centuries that are temporally close
(e.g., 5th and 4th century BCE) tend to be close in semantic content too, or whether
the conceptual worlds referenced by biographies shift dramatically across time,
revealing discontinuities in the cultural and intellectual terrain that may not align with

chronological proximity (see 1.6. Research Questions).
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3.1. Wikipedia as a Cultural Lens — a
Network Approach
3.1.1. Background

The conceptual (see Introduction) and methodological (see Methodology - section 2.2)
foundations established in the previous chapters place this thesis within digital
humanities and cultural analytics and identify Wikipedia's wikilinks network as the
empirical object of analysis. The present section presents the results.?®* But first, it is

worth situating the specific scholarly conversation this thesis contributes to.

The first body of literature relevant to the present section concerns the use of large-
scale datasets to investigate questions traditionally framed within the humanities and
social sciences. This line of work generally recognizes that cultural dynamics (e.g., the
formation of movements, the diffusion of ideas, the rise and decline of intellectual
currents) emerges from interactions among many people, ideas, and cultural objects,
and that those interactions are increasingly accessible in digital form. Schich et al. [2]
mapped the migration trajectories of notable individuals across two millennia and
using the aggregate movement of people they characterized the geographic dynamics
of cultural transmission. Another study adopts a different strategy by analysing the
frequencies with which specific terms appear in millions of digitised books to track
lexical and conceptual change at unprecedented scale [3]. Other studies extend this
orientation in different directions: for instance, Gao et al. [4] apply tools from statistical
physics to identify long-range correlations in cultural and social phenomena over the
past two centuries, while another paper argues for a more general programme,

sometimes referred to as cliodynamics, that treats historical processes as analytically

23 The results presented in this section has been published as an independent peer-reviewed paper with
the title “Wikipedia as a cultural lens: a quantitative approach for exploring cultural networks” in the
journal of Humanities & Social Sciences Communications in 2025 [1].
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tractable through formal modelling [5]. Even though these approaches are different
from each other, the unifying component can be tracked in the underlying premise
that cultural patterns, once aggregated across large populations of cultural entities,
exhibit regularities that remain invisible at the level of any single case. This is exactly

the premise that motivates the present analysis.

A second body of literature, complementary to the first, formalizes the analysis of
cultural systems through the tools of complex network theory. A central claim of this
literature is that the structure of relationships among cultural entities is itself a source
of information about how those entities behave collectively, what are the patterns that
emerge when relationships are abstracted, and how the system affects the connections
between the entities. For instance, Smolla and Akgay [6] use complex network analysis
to study cultural evolution, demonstrating how individual behaviour at the micro level
gives rise to structural patterns observable at the population level. By applying a
related logic to the early modern publication industry, another study [7] reconstructed
the social network underlying book production from large-scale archival data.
Focusing mostly on the theoretical framework of these types of works, Suarez et al [8]
introduced the concept of a cultural network, that is defined as a structure in which
relationships among people are mediated by cultural entities such as ideas, artefacts,
and institutions rather than by direct social ties alone. Such networks constitute a
distinct empirical object that warrants its own analytical framework. This orientation is
generalised under the heading of the network turn in the humanities (see Introduction),
arguing that network analysis offers a shared conceptual vocabulary capable of

bringing computational rigour into dialogue alongside humanistic interpretation [9].

The significance of the aforementioned works lies in two specific contributions. First,
the recognition that cultural networks are not merely social networks with cultural
content; they are structurally distinct because they can also carry connections between
cultural entities and not only interpersonal ones. In other words, these studies shift the

analytical focus from who connects to whom toward which cultural entities (e.g., ideas,
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people, works, concepts) bridge different domains of knowledge. The second
contribution is that the toolkit that network science offers provide a quantitative
vocabulary for describing structural properties that humanistic methods have
discussed before in qualitative terms. For example, notions such as influence, isolation,

bridging acquire formal counterparts that can be measured, compared, and tested.

The third strand of relevant literature concerns the use of Wikipedia as an empirical
resource for quantitative cultural research. As mentioned in the Introduction, Wikipedia
is the main data source of this thesis and it satisfies three conditions that make it
analytically distinctive: 1) it operates at a scale that requires computational methods
to be analysed, 2) it is structured given the guidelines the editors have to follow, and
3) it is produced through sustained collective editorial negotiation. As is normal, a
significant body of work has exploited these properties for a variety of analytical
purposes. For example, Mehdi et al. [10] provide a systematic review of studies that
use the Wikipedia corpus, identifying applications in information retrieval, natural
language processing, and ontology construction. More recently, it has been used to
answer cultural questions. For instance, the Wikipedia corpus has been used to
examine its role in representing cultural heritage [11], as an issue in the Journal of
Cultural Analytics to map the structure of world literature [12], to document gender
and country biases embedded in its citation patterns [13]. A subset of studies shifting
the focus from citation patterns to the wikilinks of Wikipedia themselves, treats the
structure of internal connections as the primary analytical object. These studies are the
ones that are most directly relevant to the present chapter. In the studies below,
Wikipedia's network is used to investigate specific historical periods through targeted,
period-focused cultural networks. For instance Eom and Shepelyansky [14] and Eom
et al. [15] use the ranking of articles across multiple language editions to identify
cultural entanglement among national perspectives. A related approach constructed
co-citation networks among scientific topics represented in Wikipedia to map the open

knowledge structure of Science [16]. Finally, two related studies examine the cultural
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structures encoded in the network of first-wikilinks [17, 18]. More recent works,
develop methodologies proposing that Wikipedia's network can be converted into a
meaningful network of knowledge by means of a structural relationship metric [19]. In
that study, the cultural contexts of Pablo Picasso, Albert Einstein, and James Joyce are
analysed jointly to characterise the interdisciplinary structure of early 20t™-century
culture across Art, Science, and Literature. Similarly, a more recent work, focusing on
the Italian Renaissance, took Michelangelo, Copernicus, and Pico della Mirandola as a
representative triad of artist, scientist and philosopher and identified hidden structural

relationships between the nodes of this network [20].

The literature reviewed above establishes three points that motivate chapter’s analysis.
First, quantitative analysis of cultural data has been shown to recover patterns that
traditional humanistic methods, working usually at a small scale, cannot easily detect.
Second, complex network theory provides a formal apparatus for analysing such
patterns when they take the form of structured relationships among cultural entities.
Third, Wikipedia's network, when interpreted as a cultural network, constitutes a
particularly well-suited empirical source for this kind of analysis. What remains absent
from the literature, however, is an analysis that moves toward the statistical
characterisation of a historical period and distances itself as much as possible from the

analysis of a few individuals.

The work presented in this chapter is designed to fill that gap. Instead of analysis a
single triad of figures, it proposes to characterise the cultural network of a historical
period by averaging across many triads sampled from that period (see Methodology -
section 2.2). By doing so, it aims to recover the structural properties of the period itself,
as distinct from those of any particular configuration of individuals within it. As a proof
of concept, the cultural network of Art, Science, and Philosophy in 17t century Europe
is used. The results presented in the following sections are evaluated against a dual
criterion: 1) agreement with established historical knowledge, which means that the

approach can recover cultural meaningful patterns, and 2) the disclosure of new
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quantitative regularities that would not have been accessible through traditional non-

computational methods alone.

3.1.2. Results

3.1.2.1. The Network as a Whole: Modularity of the Period

As mentioned earlier (see Methodology - Modularity), modularity measures how cleanly
the cultural network divides into separate disciplinary clusters. It is high when nodes
within a discipline connect densely to one another and sparsely to nodes in other
disciplines. It is low when frequent cross-disciplinary links blur the boundaries between
them. The value is normalised, so a score close to 1 indicates strong clustering and a

score close to 0 weak clustering.
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Figure 18 Average normalised modularity (Qy) and its associated error interval as a function of the
number of sampled triads. The relative error decreases as the number of sampled triads increases,
reaching 1.6% for 50 samples and 0.6% for 465 samples (the full dataset). The dashed line marks the
mean value obtained using the bootstrapping method, Qy = 0.862 + 0.005. Note the logarithmic scale
on the horizontal axis.
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Figure 18 reports the average normalised modularity for the 17%-century network as
a function of the number of sampled triads. Two observations emerge from this plot.
First, the estimated error decreases substantially with the number of triads. As it can
be seen in Figure 18, the error stands at approximately 1.6% for 50 triads and falls at
0.6% when all 465 triads are included. This is a finding that confirms that the chosen
sample size is sufficient for reliable estimation. Second, the average value of the
modularity stabilises at Qy = 0.862 + 0.005, with a standard deviation of 0.098, which
is approximately 11.4% of the mean.?* This indicates that the 17% century network
divides the cluster cleanly into three disciplinary clusters, and that high modularity is a
persistent feature across the sampled triads rather than being driven by a few
exceptional cases; though the standard deviation of 0.098 (i.e., 11.4% of the mean)
does reflect a moderate degree of variability in the strength of that separation from

triad to triad.

The interpretation of this result can be aided when placed next to prior studies that
applied similar methodology to other historical periods. For the Italian Renaissance,
for example, the cultural network built around Michelangelo, Copernicus, and Pico
della Mirandola produced a normalised modularity of 0.77 [20]. For the early 20t"-
century network built around Picasso, Einstein, and Joyce, the corresponding value was
0.88 [19]. Even though these earlier studies analyse single triads and not period
averages, the progression from 0.77 (Italian Renaissance) to 0.862 (17" century) to 0.88
(early 20™ century) is consistent with the well-established historical hypothesis that
disciplinary specialization has increased progressively across the modern period [21].
The disciplines, in other words, have become internally cohesive and more externally
separated over time. The small number of comparison points between the

aforementioned period can only confirm a suggestive trend, nevertheless it provides

24 The overbar in Qy is used here to indicate that the value is averaged across many triads and therefore
characterises the period as a whole, in contrast to the single-network modularities reported in earlier
studies of specific triads [19, 20](which are written without the overbar as Q and refer to one particular
configuration of individuals).
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initial evidence that the method is sensitive to historically meaningful structural

change.

To sum up, this first finding supports the claim that was made at the beginning of this
chapter: that Wikipedia's network encodes culturally meaningful structural information
that can be recovered using complex network theory in combination with the NGD

(see Methodology - Structural Relationships using the Normalised Google Distance).
3.1.2.2. Disciplines and their Interactions

Modularity establishes that the network divides into clusters, but it does not specify
neither how strong the internal cohesion of each cluster is, nor how the clusters
interact with one another. For this reason, assortativity is employed (see Methodology
- Assortativity). The assortativity matrix provides this finer-grained information. Its
diagonal elements (a¥) measure the strength of connections within each cluster (i.e.,

how tightly Art connects to Art, Science to Science, and Philosophy to Philosophy). Its

off-diagonal elements (af}, where i # j) measure the strength of connections between
clusters (i.e., how strongly Art connects to Science, Art to Philosophy, and Science to
Philosophy). The matrix is normalised so that each coefficient represents the fraction

of weighted links accounted for by that particular intra- or inter-cluster relationship.
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Table 1 Normalised assortativity coefficients (a_{‘]’) and their bootstrapping error estimates for each pair
of disciplines. The standard deviation (o;;) of each bootstrapped distribution is also reported, with the
percentage in parentheses indicating its magnitude relative to the corresponding mean. Diagonal
entries represent within-discipline assortativity, while off-diagonal entries capture cross-discipline
mixing. Row and column colours correspond to Art (red), Science (green), and Philosophy (blue).

Assortativity Science

coefficients

al, = 0.025+0.002 | o, =0.017 + 0.001

Science al, = 0.268 + 0.003 | ¥, = 0.092 +0.003

Intra-disciplinary interactions

Starting with the intra-cluster connectivity, the diagonal coefficients reveal that the
three disciplines are not equally cohesive internally. For 465 triads, the values are a¥, =
0.285 + 0.004 for Art, ab, = 0.268 + 0.003 for Science, and al;, = 0.313 + 0.005 for
Philosophy (see Table 1 and Figure 19 (left) for the corresponding error intervals
when increasing the number of triads). It is worth noting that the differences between
the three coefficients are larger than their respective combined standard errors which
strongly suggests that the disciplinary differences observed are not artefacts of
sampling but reflect a structural variation in intra-cluster cohesion. Moreover,

Philosophy emerges as the discipline with the most internal-to-philosophy links, with
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an intra-cluster coefficient roughly 17% higher than that of Science and slightly higher
than that of Art.

This finding is historically distinctive when compared with prior results. In both the
Italian Renaissance (a}; = 0.383) and the early 20t century (a}, = 0.316), Art was the
most internally cohesive cluster [19, 20]. The 17t-century network thus marks a
departure from this pattern, with Philosophy taking the position previously occupied
by Art. This points to a structural reconfiguration of the relations among the three

disciplines in the seventeenth century, which the inter-cluster coefficients help to

specify further.
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Figure 19 Average normalised assortativity coefficients as a function of the number of sampled triads,
estimated using the bootstrapping method. Shaded regions represent the associated error intervals,
which narrow as the number of sampled triads increases. (Left) Diagonal coefficients (ah), reflecting
the strength of within-discipline interactions for Art (red), Science (green), and Philosophy (blue). (Right)
Off-diagonal coefficients (a_}y, i # j), reflecting the strength of cross-discipline interactions between Art
and Science (violet), Art and Philosophy (light blue), and Science and Philosophy (orange). The dashed
lines and cross markers indicate the mean values obtained using the full dataset. Note the logarithmic
scale on the horizontal axis.

Inter-disciplinary interactions

While | focused on diagonal coefficients to measure the strength within the disciplines
of the network, now | will focus on the off-diagonal coefficients which quantify the
strength of connections between different disciplines. The three relevant pairs return
very different values: a—f’z = 0.025 + 0.002 for Art-Science, a_{‘g = 0.017 £ 0.001 for Art-

Philosophy, and &), = 0.092 + 0.003 for Science-Philosophy. All three values are
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substantially smaller than the intra-cluster coefficients, which is expected given the
high modularity of the network. However, the difference in the relative magnitudes

among them is an interesting finding.

The Science-Philosophy connection (a); = 0.092 + 0.003) is the strongest of the three,
exceeding the Art-Science connection by a factor of roughly four and the Art-
Philosophy connection by a factor of more than five. This pattern aligns with the
historical literature on the period. Sandoz [22] has documented that early modern
Philosophy underwent a substantial reorientation during the 17t century, shifting its
attention away from questions of Art and aesthetics and towards epistemology, the
methodology of science, and the foundations of scientific knowledge. Thomas Hobbes
captures this shift in Leviathan (1651) [23], where he distinguishes between
“Knowledge of Fact” (the kind required of a witness) and "Knowledge of the
Consequence” of one statement to another (the kind required of a philosopher),
explicitly aligning the latter with Science [22]. The strong Science-Philosophy
coefficient (see Figure 19 (right panel-orange)) recovered here is consistent with this
re-orientation: the cultural network reflects a period in which the two disciplines were
overlapping and only gradually separating around questions of mind and matter, the
foundations of the scientific method, and the nature of the physical explanation [24,

25].

The Art-Science and Art-Philosophy coefficients are also worth comparing with prior
results. The Art-Science coefficient in the 17t century (a¥, = 0.025) (see Figure 19
(right panel-violet)) is similar to that observed at the beginning of the 20t century
(ay, = 0.020) [19] but substantially lower than the value found for the Renaissance
(al, = 0.056) [20]. This difference aligns with the established historical claim that the
Art-Science relationship was unusually close during the Italian Renaissance and
weakened in the centuries that followed [26]. The Art-Philosophy coefficient shows an
even more pronounced difference: the 17t century value (a—fg = 0.017) (see Figure 19

(right panel-light blue)) is approximately one-eighth of the Italian Renaissance value
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(al; = 0.130). If we take together these comparisons, we can see that the Art cluster
has progressively decoupled from both Science and Philosophy since the Italian
Renaissance, while the Science-Philosophy connections has strengthened. Thus, the
cultural network of Wikipedia captures a structural transformation in how the three
disciplines examined here relate to one another, and that transformation is consistent

with what historical scholarship has independently discussed.

From an analytical point of view, another interesting property concerns the variability
of these coefficients across triads, measured by the relative standard deviation (i.e., the
standard deviation divided by the mean, expressed as a percentage). For the diagonal
coefficients, this relative variability sits at approximately 30% (see Table 1), indicating
relatively consistent intra-cluster behaviour across triads. For the off-diagonal
coefficients, however, the values are higher: 71% for Science—Philosophy, 117% for Art-
Philosophy, and 140% for Art-Science. This means that the Science-Philosophy
connection is not only the strongest but also the most homogeneous, while the
connections involving Art vary substantially depending on which artist is chosen as a
seed. This heterogeneity is itself historically meaningful: the 17t century Art world was
structured by regional fragmentation, with separate channels of production and
patronage operating for Protestant and Catholic markets in Europe and Latin America
[27] and with local and national patrons shaping the development of distinct national
art traditions [28]. The cultural network registers this fragmentation as elevated

variance in the Art-related inter-cluster coefficients.
Distributions of the Coefficients

Beyond their mean values, the coefficients also follow distinct statistical distributions
that reveal something more about how the network is organised. Figure 20 (left panel)
shows the distribution of a; values across the 465 triads, which is well described by a
lognormal function. The other diagonal coefficients follow similar distributions. By

contrast, Figure 20 (right panel) shows that the distribution of a¥, values follows a
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power law with an exponent of approximately —2 (see Figure 20 (right panel)). A
power-law distribution differs from a lognormal one in that it features a long, heavy
tail: most triads produce low values, but a small number of triads produce values much
higher than the average. This distinction matters because it indicates that intra-cluster
and inter-cluster connections are generated by different underlying processes, a point

that becomes more concrete in the analysis of individual nodes below.
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Figure 20 Bootstrapped distributions of the normalised assortativity coefficients for the within-
discipline term a_f’l (left) and the cross-discipline term a_{"z (right). The solid curves show the best fits to
each distribution: a log-normal function for ¥, and a power law of the form Counts = 0.16 x (aZ, )2
for al,. The inset in the right panel shows the same data on a double-logarithmic scale, where the linear
trend confirms the power-law behaviour.

Openness of the Disciplines

Continuing with the discipline-level metrics, a complementary perspective on that
aspect is provided by openness, which is defined as the percentage of nodes within a
discipline whose external connections (i.e., to other disciplines) outweigh their internal
connections (i.e., within the same discipline). A cluster with high openness contains
many nodes that act as bridges to other disciplines; a cluster with low openness is

more inwardly turned (see Methodology - Openness).

Our analysis shows that for the 17t century cultural network, the average openness
are Opgrr = 5.0 £0.4%, Ops,, = 15.5 % 1.0%, and Opy,p,; = 13.4 + 1.1%. The results

show that Art is the most inwardly oriented of the three disciplines, with an openness
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approximately three times lower that than of Science or Philosophy. This finding is
consistent with the inter-cluster assortativity coefficients reported above (see Table 2),
which showed that Art connects only weakly to both Science and Philosophy.
Table 2 Average openness (Op) for each discipline, estimated using the bootstrapping method. The
standard deviation (o) of each bootstrapped distribution is given below the mean, with the percentage
in parentheses indicating its magnitude relative to the corresponding mean. The large relative standard

deviations (143-178%) reflect the high variability inherent to the openness measure, which is sensitive
to the choice of seed node in each triad.

Science
Op = 5.0+ 0.4% Op = 155+ 1.0% Op = 134+ 1.1%
o =8.1(162%) o =22.1(143%) o =23.8(178%)

Moreover, when examining the distribution of openness values (see Figure 21), it is
shown that it follows a power law, like that of the inter-cluster coefficients. For the Art
cluster, the exponent is a = —1.14; for the Science cluster, « = —0.95; and for the
Philosophy cluster, « = —1.09. The interpretation of these values tells us that overall,
the majority of nodes within any given discipline are weakly connected to nodes in
other clusters, while a small number of nodes are very strongly connected across
discipline boundaries. This shows a signal of homophily, which is the tendency of
nodes to associate preferentially with similar nodes, but it also points to the existence
of small number of strongly cross-connecting nodes that function as bridges between
disciplines. These bridging nodes are examined more closely in the analysis at the

individual-node level that follows.
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Figure 21 Bootstrapped distribution of openness values for the Art discipline. The distribution is
strongly right skewed, with the majority of triads exhibiting low openness values. The solid curve shows
the best power-law fit to the data, given by log(Counts) = 1.86 — 1.14log(Op), confirming that large
openness values are rare but present.

This structure invites comparison with Granovetter's "strength of weak ties" thesis.
Granovetter observed that cross-group?> connections in social networks tend to be
weak ties, and that these weak ties are disproportionately responsible for transmitting
novel information across otherwise homophilous communities [29]. The distribution
observed here is consistent with the underlying geometry of that thesis since | observe
dense intra-discipline association alongside sparse inter-discipline connectivity.
However, the findings presented here must be connected to Granovetter's thesis with
some caution. The power-law tail indicates that inter-discipline connectivity is not
uniformly distributed across weakly bridging nodes, but it appears concentrated in a
comparatively small portion of the network where connectivity across discipline
boundaries is robust rather than weak. With this in mind, | argue that these nodes
correspond more closely to what Burt and Soda characterized as brokers spanning

structural holes; in other words, positions whose value derives precisely from

5 By “group” here we can think of disciplines, such as the ones presented in this section (Art, Philosophy,
Science).
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maintaining robust ties to otherwise disconnected communities [30]. The 17th century
cultural network thus exhibits a hybrid bridging regime, in which the bulk of inter-
discipline traffic is carried, in aggregate, by many sparse cross-ties, while a share of
integrative links appears concentrated in a small portion of the network that functions
as bridges between disciplines.

Table 3 Openness values for representative triads, grouped by which seed node was varied. In the first
eight entries, the Science and Philosophy seeds are held fixed while the Art seed is varied; the openness
values associated with Newton and Spinoza remain relatively stable across different Art seeds,
suggesting that the choice of Art representative has little influence on these disciplines. In the final four
entries, the Art and Philosophy (Phil.) seeds are held fixed while the Science (Sci.) seed is varied; replacing

Huygens with Newton produces little change in openness, whereas substituting Hevelius leads to a
substantial change, illustrating the sensitivity of the measure to the choice of Science seed.

Triads’ seeds Openness (Op)
Sct.
Nicolaes Maes Isaac Newton | Baruch Spinoza | 1.79 0 88.98
Claude Lorrain Isaac Newton | Baruch Spinoza | 3.81 0 88.70
Johannes Vermeer | Isaac Newton | Baruch Spinoza | 3.05 0 90.91
Peter Lely Isaac Newton | Baruch Spinoza | 26.67 0.23 84.44

Christopher Wren | Isaac Newton | Baruch Spinoza | 31.96 0.49 77.33

Gerrit Dou Isaac Newton | Baruch Spinoza | 3.75 0 90.91

Andrea Pozzo Isaac Newton | Baruch Spinoza | 4.08 0 87.50

Godfrey Kneller | Isaac Newton | Baruch Spinoza | 37.25 042 88.71
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Johannes Vermeer Christian Blaise Pascal 3.70 0 43.97
Huygens
Johannes Vermeer | Isaac Newton Blaise Pascal 2.50 0 54.55
Johannes Vermeer Johannes Blaise Pascal 0.63 10.61 0
Hevelius
Johannes Vermeer Jan Blaise Pascal 1.22 26.19 0
Swammerdam

Openness also reveals another structural feature when examined at the level of specific
triads. Table 3 shows openness values for triads in which two seeds are held constant,
and one is varied. When Isaac Newton (Science) and Baruch Spinoza (Philosophy) are
held fixed and different artists are substituted, the openness of the Newton-related
clusters remains close to zero and the openness of the Spinoza-related cluster remains
close to 90%, almost independently of the choice of the artist. This means that
Newton'’s network position is largely insulated from Art connections, while Spinoza's
position is strongly connected to the broader network (and, given the consistency of
the pattern, primarily to the Newton-related cluster itself). This finding is consistent
with what historians of science have established about the diffusion of Newtonian
thought in continental Europe: the technical character of the Principia (1687) delayed
its uptake outside England, and continental thinkers committed to Cartesianism
resisted Newtonianism well into the 1740s [31, 32]. The cultural network registers this
delay as elevated openness for the few artists with English connections (e.g., Peter Lely,
who settled in London; Godfrey Kneller, who settled at that English court; and
Christopher Wren, an English architect and natural philosopher) and very low openness

for continental artists from Holland, France, and Italy.

However, a different pattern emerges when the Science seed is varied (see last four

rows of Table 3). Replacing Newton with Huygens produces only modest changes in
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discipline openness, but replacing Newton with Hevelius or Swammerdam produces
larger changes, reflecting the fact that the latter two figures are positioned differently
within the network of the 17"-century Science. These variations confirm that the
method is sensitive to fine-grained differences in network position, even within a single
discipline. This also means that openness values for any given triad are shaped by the
specific seed chosen, and should be read as local, seed-dependent measurements

rather than fixed properties of the discipline as a whole.

3.1.2.3. Individual  Nodes: Frequencies and  Connectivity

Distributions

As mentioned in the Introduction, this thesis follows the analytical approach of focus
reading. For this reason, an analysis at the level of individual nodes is necessary. This
analysis serves two purposes: 1) it identifies which cultural entities are most central to
the 17" century cultural network of Art-Science-Philosophy. 2) It characterises the
statistical laws that govern how individual nodes connect to others, both within and

across disciplines.

Before presenting the results of this part of the analysis, it should be noted that the
465 triads in this study produce networks with a total of 3,585 unique nodes. These
nodes, as the representation of cultural entities, can be people (e.g., Blaise Pascal,
Christiaan Huygens, Thomas Hobbes, etc.), objects (e.g., (microscope, telescope,
vacuum pump, etc.), and ideas or concepts (e.g., rationalism, mechanical philosophy,

scientific revolution, etc.).
Node Analysis: The Most Central Cultural Entities

The simplest analysis at the node level is to count how frequently each cultural entity
appears across the 465 triads. Table 4 lists the entities that appear in more than half of

the triads. Three observations can be made from this list.
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First, most of the high-frequency nodes are not themselves seed entities. This means
that they emerge as central not because they were selected at the outset, but because
they are structurally important within the network of relations that the cultural entities
collectively generate. The method therefore is able to capture relevant cultural entities
that would not have been identified through a direct examination of the cultural
entities list.

Table 4 Cultural entities appearing in more than half of the 465 sampled triads (N = 233), ranked by
frequency N. Each entry corresponds to an English Wikipedia article and may represent a person,
concept, or movement. The “discipline” column indicates whether the entity is primarily associated with
Art, Science (Sci), Philosophy (Phil), or a combination thereof; entries without a birth-death date or
discipline label correspond to concepts or movements rather than individuals. The dominance of Science
and Philosophy among the most frequent nodes reflects the central role of these disciplines in the 17th-

century cultural network, and notably, the majority of these entities were not used as triad seeds,
demonstrating the ability of the method to recover implicit knowledge from the network.

Node’s name Birth-Death Discipline N
Pierre Gassendi 1592-1655 Sci-Phil 355
Robert Boyle 1627-1691 Sci 351
Mechanical Philosophy - - 338
René Descartes 1596-1650 Sci-Phil 326
Pierre Bayle 1647-1706 Phil 313
Nicolas Malebranche 1638-1715 Phil 313
Evangelista Torricelli 1608-1647 Sci 309
Rationalism - - 307
Giambattista Vico 1668-1744 Phil 299
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Thomas Hobbes 1588-1679 Phil 296
Michel de Montaigne 1533-1592 Phil 296
Scientific revolution - - 294
Blaise Pascal 1623-1662 Sci-Phil 290

Marin Mersenne 1588-1648 Sci 276
Thomism - - 275

Baruch Spinoza 1632-1677 Phil 274
Gottfried Wilhelm Leibniz 1646-1716 Sci-Phil 263
Antoine Arnauld 1612-1694 Phil 263
Jean le Rond d'Alembert 1717-1783 Sci-Phil 262
Christiaan Huygens 1629-1695 Sci 261
Frans van Schooten 1615-1660 Sci 256
Gerolamo Cardano 1501-1576 Sci-Phil 255
Francis Bacon 1561-1626 Phil 252
Johannes Kepler 1571-1630 Sci 251
David Teniers the Younger 1610-1690 Art 249
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Willem van de Velde the 1633-1707 Art 241
Younger
Juan Caramuel y Lobkowitz 1606-1682 Phil 234

Second, the disciplines of Science and Philosophy seem to dominate the list of central
cultural entities. Among the named individuals, philosophers, and people that worked
between Science and Philosophy in the 17t century (e.g., René Descartes, Gottfried
Wilhelm Leibniz, Blaise Pascal, etc.) substantially outnumber artists. Among the
abstract concepts and ideas, the most prominent are "Mechanical philosophy”,
“Rationalism”, “Scientific revolution”, and “Thomism” (all of which sit at the intersection
of Science and Philosophy). This finding reinforces the structural pattern identified
through the assortativity matrix: within the tripartite network of Science, Philosophy,

and Art that we extract from English Wikipedia, the 17th century is organised around

the axis of the first two, while Art occupies a more peripheral position relative to them.

Third, the most central nodes correspond to people and ideas rather than to physical
objects. Microscope, telescope, and vacuum pump, albeit scientific instruments of the
17t century Science, do not appear among the high-frequency nodes. This suggests
that, in Wikipedia's representation of the period, the relational structure is organised
around conceptual and biographical entities rather than around material culture.
Whether this reflects a property of the period itself or a property of how Wikipedia
documents it is a question to which the analysis returns in the discussion of limitations

(see Limitations).
Intra-Cluster Connectivity: A Core-Periphery Structure

Moving from frequency to connectivity, the next analysis examines how individual
nodes connect to other nodes within the same discipline. For each node, the internal
strength s;,,; is computed as the sum of the weighted links connecting it to other nodes

in its own discipline. The distribution of these values across all 3,585 nodes is shown in
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Figure 22 (left panel), and it is well described by the sum of two Gaussian functions.2®
The means of these two components fall at approximately 25 and 140 on the strength
scale, suggesting that nodes within a cluster divide into two structurally distinct

groups.

All nodes | o. =-0.74

Counts
Log(counts)

50 100 150 200 250
Strength distribution of internal links Log(strengthey,)

Figure 22 Distributions of the average link strength for all nodes in the network. (Left panel)
Distribution of internal link strength, showing a bimodal structure captured by the sum of two Gaussian
functions (solid curve), which serves as a guide to the eye. (Right panel) Distribution of external link
strength plotted on a double-logarithmic scale with logarithmic binning, revealing a power-law
behaviour with exponent @ = —0.74 (solid line). The contrasting shapes of the two distributions suggest
that internal and external connectivity follow fundamentally different statistical laws.

This bimodal pattern is suggestive of what network science calls a core-periphery
structure [34, 35]. A core-periphery network contains a dense, highly interconnected
group of nodes (the core) and a sparser, more loosely connected group of nodes (the
periphery). The first Gaussian corresponds to the peripheral nodes, which have
relatively few intra-cluster connections, while the second corresponds to core nodes,
which are densely connected within the cluster. The same bimodal pattern is observed
for each of the three disciplinary clusters individually, which means that the core-
periphery organization is a general property of intra-cluster connectivity in the 17t

century network rather than a feature of any specific discipline.

%6 A Gaussian function is a smooth, continuous mathematical function that produced a symmetrical,
bell-shaped curve [33].
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This finding indicates that the cultural relations among nodes within a discipline follow
a structured organization in which a small group of central entities anchors a much
larger group of peripheral ones. In humanistic terms, this is the quantitative
counterpart of the well-recognised distinction between canonical and marginal figures
within a discipline, but the method used here specifies that distinction structurally
rather than by appeal to received reputation. Which nodes specifically occupy the core
in each cluster is a question that requires further analysis and is reserved for future

work.
Inter-Cluster Connectivity: A Power Law and the Generalist-Specialist Distinction

After examining the connection within the discipline itself, the final node-level analysis
examines how individual nodes connect to nodes in other disciplines. The external
strength s,,; is computed analogously to s;,;, but summing weighted links to nodes
outside the cluster. The distribution of s,,; values, shown in Figure 22 (right), is well
described by a power law with an exponent @ = —0.74. The same general pattern holds

when the distribution is computed separately for each discipline.

A power-law distribution of external strength has a specific structural meaning. Most
nodes connect only weakly across discipline boundaries, but a small number of nodes
connect very strongly (refer to Burt and Soda broker’s concept above). The scale of the
distribution shows that the ratio between the two groups can be as large as 200 to 1,
meaning that for every node that bridges strongly across disciplines, there are roughly
two hundred that remain disciplinarily contained. The strongly bridging nodes are
called "generalists” and the weakly bridging nodes “specialists”. The exponent of the
power law quantifies the balance between them: the more negative the exponent, the

higher the proportion of specialists to generalists.

This finding is analytically significant for two reasons. First, it offers a quantitative
formulation of a distinction that humanistic scholarship has long made qualitatively,

namely the distinction between figures who worked across disciplines and figures who
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work only within one discipline. Second, the power-law form of the distribution
indicates that intra-cluster and inter-cluster connectivity are governed by different
generative processes. The bimodal Gaussian distribution of intra-cluster strength is
consistent with a random-growth process of the kind first described by Erd6s and
Reényi [36, 37], in which connections form without systematic preference. By contrast,
the power-law distribution of inter-cluster strength is consistent with a preferential-
attachment process of the kind described by Barabasi and Albert [38, 39], in which
already well-connected nodes are more likely to gain further connections. The cultural
network therefore appears to grow through two distinct mechanisms operating at
different structural levels: random within disciplines, preferential across them.
Confirming the precise generative dynamics behind this observation would require
further work, but the empirical signature is consistent with the predictions of these two

models.

3.1.3. Discussion

Summary of the findings. The analysis presented in this chapter applied a triad-
averaging framework to English Wikipedia's wikilinks network in order to characterise
the cultural network of Art, Science, and Philosophy in 17t century Europe. The results
can be summarised at three analytical scales, moving from the network as a whole to

its individual nodes.

At the level of the whole network, the average normalised modularity stabilised at
Qy = 0.862 + 0.005 with an estimation error of 0.6% when all 465 triads are included.
This value indicates that the 17"-century cultural network divides quite well into three
disciplinary clusters and that this clusterisation is a property of the period rather than
an artefact of any particular triad. Placed alongside prior single-triad studies of the
Italian Renaissance (Qy = 0.77) [20], and the early 20t century (Qy = 0.88) [19], the

17th-century value sits in the middle of the sequence. The three data points are too
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few to confirm a trend, but their ordering is consistent with the historical hypothesis

that disciplinary specialisation has increased across the modern period.

At the cluster level, the assortativity matrix revealed two findings. First, Philosophy
emerged as the discipline with the most intra-cluster connections (a; = 0.313 +
0.005), a result that departs from the pattern observed in the Italian Renaissance and
the early 20™ century, where Art occupied that position. Second, the Science-
Philosophy connection (a_Q’:,; = 0.092 + 0.003) was substantially stronger than the Art-
Science  (al, = 0.025+0.002) and  Art-Philosophy  (a, = 0.017 + 0.001)
connections, exceeding them by factors of roughly four and five respectively. The
relative variability of these coefficients was also informative: the Science-Philosophy
connection was the most homogeneous across triads, while the Art-related

connections showed substantially higher variability, with relative standard deviations

of 117% for Art-Philosophy and 140% for Art-Science.

The openness measure complemented these findings. Art had an average openness
approximately three times lower than that of Science and Philosophy, confirming its
peripheral position within the period’'s cultural network. The triad-level analysis
showed that this openness varied systematically with the choice of artist, with English-
connected artists such as Peter Lely, Godfrey Kneller, and Christopher Wren producing

markedly higher openness values than continental artists.

At the node level, the analysis of 3,585 unique cultural entities yielded two distinct
statistical patterns. The distribution of the intra-cluster strength followed a bimodal
shape well described by the sum of two Gaussian functions, which is consistent with a
core-periphery organisation. By contrast, the distribution of the inter-cluster strength
followed a power law with exponent @ = —0.74, indicating that a small number of
nodes carry a disproportionate share of cross-disciplinary connections. The most
frequent cultural entities across the 465 triads were dominated by figures and concepts

associated with Science and Philosophy (for instance, Pierre Gassendi, Robert Boyle,

131



CHAPTER 3 - RESULTS
“Mechanical philosophy”, and “Rationalism”), and most of these high-frequency nodes

were not themselves seed entities.

Theoretical Implications. Three theoretical implications follow from the results
presented in this chapter, each extending beyond the specific case of the seventeenth

century.

The first concerns the analytical status of conceptual nodes within cultural networks.
The theoretical literature distinguishes cultural networks from social networks on the
grounds that the former include non-human entities such as ideas, movements, and
material objects alongside people (see section 3.1.1. Background). The results reported
here give that distinction an empirical correlate: abstract concepts such as "Mechanical
philosophy" and "Rationalism" emerged among the most structurally central nodes in
the network without having been selected as seeds, and they did so with frequencies
that exceed those of many named individuals. This implies that the structural
prominence of conceptual nodes is not merely a theoretical postulate but a
measurable, period-specific property. Mapping which kinds of entities occupy central
positions in a given period's network could therefore serve as a comparative indicator
of how knowledge is organised and transmitted across different historical contexts

(see Results - Embeddings Analysis).

The second implication concerns the generative mechanisms underlying cultural
network formation. The coexistence of two statistically distinct distributions points to
the possibility that cultural networks grow through two mechanisms operating
simultaneously at different structural scales. A random-growth process, of the kind
described by Erdés and Rényi, would generate the bimodal pattern observed within
disciplines. A preferential-attachment process, of the kind described by Barabasi and
Albert, would generate the power-law pattern observed across disciplines. If this dual-
mechanism hypothesis can be confirmed through explicit generative modelling, which

lies beyond the scope of the present work, it would have substantive consequences
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for theories of cultural change. It would suggest that innovation within a discipline and
the emergence of cross-disciplinary bridges are not governed by the same social logic,

and that the conditions facilitating one need not facilitate the other.

The third implication concerns the relationship between the present findings and
existing frameworks in network sociology. The overall geometry of the seventeenth-
century network is broadly compatible with Granovetter's weak-ties thesis. However,
the power-law tail of the external strength distribution introduces an important
qualification. If cross-disciplinary connectivity were uniformly distributed across weakly
bridging nodes, as a straightforward application of Granovetter's framework would
suggest, then the distribution would not exhibit such a pronounced tail. The fact that
it does indicates that a small number of nodes carry a share of integrative capacity,
which corresponds more closely to Burt and Soda's model of brokers spanning
structural holes. The seventeenth-century cultural network therefore exhibits a hybrid
bridging regime that neither framework fully captures on its own. This suggests that
future theoretical work on cultural networks may need to combine elements of both
accounts, reserving the weak-ties framework for the bulk of sparse cross-discipline
links while invoking a brokerage logic for the concentrated tail. More broadly, it raises
the question of whether this hybrid structure is particular to the seventeenth century
or a general feature of cultural networks. Such type of question can be answered by

the comparative framework introduced here once more periods are analysed.

Finally, the period-averaging procedure introduced in this chapter has a
methodological implication that extends to other historical contexts. By averaging
across many triads sampled from the same period, the analysis recovers structural
properties of the period itself rather than properties of any particular configuration of
individuals within it. This shifts the unit of analysis from the individual triad to the
historical period, and it provides a framework within which different periods can be
compared on the same statistical footing. Although only three periods (ltalian

Renaissance, seventeenth century, early twentieth century) can currently be placed on
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this scale, the framework establishes the conditions under which more systematic

cross-period comparison becomes possible.

Practical Implications. The findings also carry implications for the practice of cultural
and historical analysis, particularly for scholars working at the intersection of digital
humanities, cultural analytics, and complex network theory. For digital humanists
working with Wikipedia or comparable knowledge graphs, the results indicate that the
wikilinks network can be treated as a meaningful empirical object rather than as a mere
accessory to article content. The agreement between the structural patterns recovered
here and well-established historical knowledge supports the practical use of wikilinks
networks as a data source for cultural research. This is methodologically significant
because wikilinks are less affected by the textual biases of Wikipedia than article
content itself. Editorial prejudices and partial framings tend to reside in the wording of
articles, while the linking structure aggregates many small editorial decisions. The use
of the normalised Google distance, which relies on multiple links rather than direct
connections, further reduces the influence of any single editorial choice on the

resulting network.

For historians working on specific periods, the framework offers a tool for identifying
cultural entities that merit closer examination. The fact that most of the high-frequency
nodes in the seventeenth-century network were not themselves seed entities means
that the method can surface figures and concepts whose structural importance is not
obvious from a direct reading of the primary sources. Pierre Gassendi, Pierre Bayle, and
"Mechanical philosophy" emerge as central not because they were selected at the
outset but because they occupy structurally important positions in the network of
relations that the seed entities collectively generate. This is the analytical capability
that the focus-reading framework introduced in the Introduction is designed to
support: large-scale pattern detection identifies what is worth examining closely, and

close reading then takes over.
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For scholars interested in the relationship between disciplines, the method provides a
way of quantifying distinctions that have previously been articulated qualitatively. The
distinction between "generalists" and "specialists,” for instance, has long been part of
humanistic discourse about intellectual history, but the power-law form of the external
strength distribution allows this distinction to be measured and compared across
periods. Similarly, the distinction between core and peripheral figures within a
discipline, which is often inherited from canon formation, can be specified structurally
rather than by appeal to received reputation. These quantitative formulations are not
intended to replace qualitative judgement, but to provide an additional layer of

evidence that can be brought into dialogue with humanistic interpretation.
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3.2. Network and Semantic Patterns in
Wikipedia's Network of Biographies
3.2.1. Background

The previous section (Results — section 3.1.2), using complex network methods,
characterised the cultural network of Art, Science, and Philosophy within the 17t
century alone. The present section complements this approach to a substantially
broader scope, both temporal and disciplinary. Two methodological choices make this
complementary step possible. First, WikiTextGraph (see Methodology - WikiTextGraph)
parses and processes Wikipedia data at scale. Second, a series of filtering steps yields
a dataset of approximately 1.9 million biographical pages, classified into Fields of
Human Activity (FHA) (see Methodology - Biographical Network Construction). This
section first reviews the relevant literature and then identifies the research gap that

the present analysis addresses.

A growing body of work applies network-based methods to cultural and historical
phenomena at scale, and Wikipedia has emerged as one of the most frequently
examined repositories within this tradition. Early studies in this area used network
centrality metrics on biographical articles to identify the most prominent historical
figures across language editions. Their findings reveal a consistent pattern: locally
celebrated individuals coexist with a smaller set of globally recognised figures [1-4].
This pattern points to the layered character of cultural prominence, in which local and
global recognition operate as distinct but coexisting dimensions. Within this first body
of work, disciplinary case studies of mathematicians [5] and philosophers [6] further
show that structural indicators of importance, such as in-degree or PageRank scores,
remain largely stable over time. Combining disciplinary focus with temporal dynamics,
a smaller set of studies documents recency biases and temporal homophily but also
some shifts in historical prominence over short periods [7, 8]. More recent work

extends this perspective by examining cross-field connections in the 17th century and
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identifying individuals who bridge distinct intellectual areas [9-11]. Collectively, these
studies establish that network-based approaches are well suited to mapping the
relational structure of cultural networks, and of Wikipedia in particular. However, two
limitations emerge: the temporal window of analysis is typically narrow, and the focus
tends to be restricted to specific disciplines. The analysis presented here addresses
both limitations by extending the temporal window to 25 centuries, from the 5th

century BCE to the 20th century CE, and by covering multiple FHAs.

A limitation of a different sort, shared by the network-based studies reviewed above is
that they treat connections between cultural entities as structural, defined by their
position within the network topology. However, the meaning of a link between two
biographical figures also depends on the conceptual context in which that link appears.
A node connected to many others occupies a structurally central position, but this
alone does not reveal whether those connections reflect shared intellectual tradition,
institutional proximity, or disciplinary overlap. Recovering that distinction requires
attending to the semantic content of the links, not only their topology. A
representative example of this integrated approach is the work of Sangiacomo et al.
[12], who reconstruct the network of early modern natural philosophy by combining
vectorised textual representations with network techniques, thereby coupling the
structural and semantic dimensions of intellectual exchange. The present analysis
adopts a similar framework. As detailed in the Methodology, the second part of the
analysis applies semantic embeddings to the wikilinks that compose the biographical
network. This combined approach allows the structural patterns identified through
network analysis to be examined alongside the semantic contexts in which they are

embedded, rather than treating the two points of view as separate phenomena.

The use of embeddings to analyse cultural data connects to a broader methodological
tradition known as cultural cartography. Within this tradition, word embeddings are
used to construct a high-dimensional mathematical space in which the meaning of a

word or concept is defined by its position relative to all other words [13]. To put this in
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simple terms: words that appear in similar contexts across large bodies of text end up
positioned close together in this space, while conceptually distant words are placed
far apart. By projecting vast amounts of text into this geometric representation, cultural
cartography translates complex cultural relationships into a form that can be
systematically measured and compared. Lee and Martin [14] characterise the resulting
representations as "impoverished but intersubjectively valid", meaning that while some
nuance is inevitably lost in the translation, the simplified map remains meaningful
across different observers and interpretive contexts. Beyond static mapping, a second
strand of this literature examines how the positions of words and concepts shift over
time. Hamilton et al. [15] demonstrate that, while words carrying cultural markers of
social status were in constant flux throughout the 20th century, the underlying
dimensional structure of class remained stable. This finding is important because it
shows that surface-level semantic change does not necessarily indicate structural
transformation. Further work in this strand has tracked historical shifts in gender and
ethnic stereotypes [16], revealing how culturally embedded associations evolve across

periods.

The studies reviewed above that use embeddings to map cultural phenomena,
including the connectivity patterns of biographical networks, predominantly rely on
static word embeddings. In this approach, each word or concept is assigned a single
fixed vector regardless of the context in which it appears. This works well for capturing
broad semantic regularities, but it cannot distinguish between different uses of the
same term. The word "revolution," for instance, carries a different meaning in a
biography of a political leader than in the biography of a physicist, yet a static
embedding assigns both occurrences the same position in semantic space. The present
study makes use of contextual embeddings to embed outgoing links of Wikipedia
biographical pages, which generate a distinct vector for each occurrence of a link
depending on its surrounding links. The use of contextual embeddings has been

shown to capture finer-grained semantic distinctions than static representations [17-
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19]. Adopting contextual embeddings within a cultural cartography framework extends
the existing literature in two directions. First, it preserves the macroscopic, map-like
perspective characteristic of this tradition, allowing large-scale cultural patterns to be
observed across centuries. Second, it improves the semantic resolution at which those
patterns can be examined, making it possible to detect more subtle shifts in how
concepts are used across time and discipline. Building on this improved resolution, the
analysis focuses on FHAs associated with knowledge production, particularly Science
and Philosophy, in order to trace how their conceptual connections to other fields of

human activity change across 25 centuries.

3.2.2. Results

3.2.2.1. Network Analysis

This subsection examines a biography-to-biography network in which nodes represent
aggregated biographical pages. Each node combines an FHA with a century, meaning
that the network operates at the level of FHA-temporal clusters rather than that of
discrete persons. Edges between nodes were normalised through two complementary
methods: an outgoing-based normalisation, which accounts for the referential weight
of the source node, and an incoming-based normalisation, which reflects the receptive
weight of the target node. Together these two perspectives allow connectivity patterns
to be read from the perspective of influence and that of reception, as explained in the

Methodology section (see 2.5.4. Weight Normalisation & Network Filtering).

Following the analytical sequence established in the previous section (see Results —
section 3.7), this section begins at the most aggregated level of observation: the
temporal structure of the biographical network as a whole. Figure 23 presents a kernel
density estimation (KDE) of links across centuries for all FHAs. A KDE plot is suitable
for big data visualisation because it shows the shape of the data’s distribution as a

smooth curve, making it easy to see where values are concentrated and where they
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are sparse [20]. The plot shows a relatively strong and constant (without gaps)
concentration of connections along the diagonal. This means that biographical articles
predominantly link to other biographies of individuals born within the same or
immediately adjacent centuries. Quantitatively, 96.99% of all biographical links occur
within a one-century span, a level of temporal concentration not previously
demonstrated at this scale. Since the century bin is coarse and it can conflate distances
up to ~99 years, we move to the level of years. At this level we see that the average
temporal distance between linked individuals is 33.78 years, a value that is of the same
order as the average human generational interval of 27 to 30 years reported in

demographic research [21, 22].

Density of Connections Between Centuries

- 0.02229

-0.01413

- 0.00993

- 0.00589

-0.00314

- 0.00197

Connection Density (logio scale)

-0.00123

- 0.00072

-0.00000

Figure 23 Cross-temporal connection density between biographical subjects across source and target
centuries (logq, scale).

This finding shows a pattern of temporal homophily, defined here as the tendency of

biographical pages to connect preferentially to individuals born in temporally
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proximate periods. Moreover, the fact that this result appears when considering a large
number of biographies indicates that it is a structural property of Wikipedia's
biographical network. While Jatowt et al. [7] previously identified this pattern, their
analysis was limited to a narrower time frame; the present study extends it across 25
centuries and nearly two million biographies, demonstrating that temporal homophily

is not a period-specific feature but a general organising principle of the network.

Two further observations can be made for this temporal homophily pattern. The first
one is regarding the 33.78-year average. The metric is computed across all FHAs and
the direction in this case does not matter. That means that the result is an aggregation
of a heterogeneous set of relations, which can include kinship and dynastic ties,
marriage, succession in office, collaboration, rivalry, sporting partnership, etc. [23].
Each of these type of relations can independently connect individuals whose active
lives overlap within roughly one generation. What the convergence with the
demographic interval suggests is that the link structure of Wikipedia registers the
temporal radius of social co-existence as refracted through the lens of encyclopaedic

documentation.

The second observation qualifies the strength of the diagonal pattern. While 96.99%
of biographical links fall within a one-century span, this near-total temporal clustering
does not mean that long-range connections are absent. Such connections are
statistically rare; however, as the subsections that follow demonstrate, they are not
randomly distributed. Lastly, on the diagonal we observe that the link density increases
from the 15th century onward, reflecting both the expansion of Wikipedia's
biographical coverage in more recent periods and the well-documented asymmetries
in how the online encyclopaedia represents the recent past relative to more distant

eras.

Temporal Homophily within Specific Disciplinary Pairings
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Within Science, 96.02% of biographical links fall within a one-century span, close to
the full-network figure of 96.99%. This proportion declines once a link crosses a
disciplinary boundary: 85.84% for links running from Humanities & Philosophy to
Science, and 91.46% in the reverse direction. Based on these numerical insights, there

are three points that worth mentioning.

First, temporal homophily persists across disciplinary boundaries, but it weakens in
that context, so cross-field connections are where the network’s temporal coupling
relaxes most within this comparison. The relaxation is also asymmetric: links originating
in Humanities & Philosophy are more temporally dispersed than those originating in

Science (85.84% within one century, against 91.46% in the reverse direction).

This dispersion is visible in the KDE plots (see Figures 24A-B). More specifically, figure
24A shows diffuse off-diagonal density, including a pronounced cluster in the upper-
left region where recent figures (source = 19th—-20th century) link back to Classical-era
science (target = 5th—3rd century BCE). One plausible reading of that “hotspot”, which
requires node-level inspection to confirm, is that modern philosophers of science
account for a substantial share of these links. On the other hand, the plot for Science
to Humanities & Philosophy remains more tightly bound to the diagonal (see Figure

24B).

Reading Figure 24B more closely, three hotspots of connections stand out. The first
sits in the lower-left corner (source and target both in the Classical era, roughly the
5t-3rd century BCE), where scientists of antiquity direct a large share of their cross-
field links to Humanities & Philosophy figures of the same period. The second lies on
the diagonal around the 5" century CE, and the third around the 11t-12t" century CE.
Because the panel is normalised by outgoing links, these cells indicate that scientists
that lived in those centuries concentrate a very high proportion of their Humanities-

directed links within a narrow contemporaneous band.
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These three regions lie on or very close to the diagonal, which is consistent with the
temporal-homophily pattern reported above: even when a link cross the disciplinary
boundary, we see that it tends to stay within roughly one century. What the hotspots
add is that this cross-field coupling is not temporally uniform as it becomes denser in
particular eras. With some caution, someone could read these as periods in which the
documented activity of scientists and of philosophers was closely intertwined: late
antiquity and the medieval period are both eras in which natural philosophy and
philosophy were not yet institutionally separated, so an individual identified
retrospectively here as “Science” and one identified as "Humanities & Philosophy” may
describe figures working within a single intellectual milieu. This reading should be
viewed here as a hypothesis that the observed structure is compatible with and not as
a claim that the density per se establishes. This is because to confirm that, it would

require examining the specific individuals in each cluster.

Humanities & Philosophy - Science connections over time
A (Incoming normalized)

Science - Humanities & Philosophy connections over time
B (Outgoing normalized)

Figure 24 Kernel density estimation (KDE) plot of (A) in-degree-normalized cross-field links between
Humanities & Philosophy and Science across centuries and (B) out-degree normalized between Science
and Humanities & Philosophy. Lighter shades indicate higher link density.

Long-Range Connections and the Topological Bypass

The Introduction established that Wikipedia's network, as approached in this thesis,
constitutes a cultural network [28]. A cultural network, even if the nodes are only
biographical pages of people, is not merely a social network. That means that the time

in biographical pages is not represented solely as a neutral chronological sequence
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but rather as a socially constructed and relational framework that follows the narrative
and thus functions across multiple dimensions [29, 30]. That means that, even though
biographical pages are anchored to fixed temporal markers such as dates of birth and
death, their connection operate through narrative and relational temporalities. That
implies that the apparent temporal distance in Wikipedia biographies can be
shortened or lengthened depending on the narrative structure, shared FHAs, or
perceived intellectual lineage [31, 32],%7, and it is this narrative-driven connectivity that
permits the existence of long-range links, either to the past or to the future. As shown
in the preceding section, these long-range links constitute only a small fraction of the
total. Nevertheless, they are not randomly distributed. The way in which biographies
connect across centuries reveals something distinctive about how specific historical
periods are represented in Wikipedia and, by extension, about how the encyclopaedia

constructs its version of the past.

Turning to the off-diagonal patterns, the analysis identifies a recurrent feature across
all examined pairings of FHAs: a pronounced reduction in link density for biographies
spanning the 6th to the 10th centuries CE. In the KDE plots (see Figures 24, 25, and
26), this appears as a dark band running through the corresponding region of the
matrix. Because the sparsity is visible under both incoming and outgoing normalisation
schemes, it cannot be attributed to link directionality alone; rather, it reflects the

relative isolation of this period within the network’s topology.

27 The English Wikipedia biography of Isaac Newton exemplifies this temporal expansion and compression. His
entry contains outbound links to contemporaries such as Gottfried Wilhelm Leibniz, but also establishes direct
connections to individuals from the distant past (e.g., Aristotle) and the Modern Era (e.g., the biographer Richard
S. Westfall).
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Figure 25 KDE plot of normalized in-degree-based connections from Science (y-axis) to Science (x-axis);
this plot illustrates “Out of all the links that Target receives, what is the fraction of links originating from
Source?”

To examine this pattern more closely, the analysis focuses on a more specific
directional question that spans the “isolated” period identified above: how do
scientists from the 8™ to the 20t centuries CE link to figures from the Classical Era?®
(5t century BCE to 4™ century CE)? Figure 25 shows that retrospective connections to
Classical Era scientists appear as early as the 8th century CE, increase markedly during
the Renaissance, and then decline modestly in the Modern Era. This trajectory is
consistent with what historians of science call the Continuity thesis (i.e., the argument

that the intellectual foundations of the Modern Era rested on the sustained

28 The general historical periods and their time windows used in this study are: Classical Era (5" BCE to
4™ century CE), Middle Ages (5" to 14™ CE), Early Modern Era (15" to 17" century CE), and Modern Era
(18" to 20™ century CE). It should be noted that this periodization is used only as a heuristic marker to
facilitate the large-scale longitudinal comparison performed here. For this reason, it is important to
acknowledge that these boundaries are only historiographical conventions and not absolute temporal
containers [33, 34].
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transmission and reinterpretation of Classical knowledge, with medieval scholars
serving as essential intermediaries [35, 36]. The density of connections visible from the
8th century onwards corresponds to the documented scope of the Islamic Translation
Movement, the large-scale effort to translate, adapt, and preserve Greek scientific,
philosophical, and medical texts into Arabic, undertaken roughly between the 8th and
10th centuries CE [37-39]. On this reading, the European Renaissance was not the
origin of a reconnection with Classical thought; the network renders it instead as the
moment when a much longer transmission process became especially concentrated

and visible, beginning from the 14th century onward.

Despite this evidence of continuity, a structural asymmetry emerges when the two
normalisation perspectives are compared directly. When looking through the lens of
the incoming normalisation?? (see Figure 25), medieval scholars appear as connectors;
they receive links from Classical Era figures and send links forward to later periods.
However, through the lens of the outgoing normalisation?® (see Figure 26), Modern
Era scientists tend to link directly to Classical Era figures, bypassing medieval
intermediaries. The medieval contribution to the chain of transmission becomes
structurally less visible; not because they are absent from the data, but because the

outgoing perspective does not bring this contribution to the foreground.

2% Incoming normalisation asks: of all links a given century receives, what fraction originates from each
source century?

39 Outgoing normalisation asks the reverse: of all links a given century sends out, what fraction goes to
each target century?
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Figure 26 KDE plot of normalized out-degree based connections from Science (y-axis) to Science (x-
axis); lighter shades indicate higher link density. This plot can be read as “Out of all the links that cluster
Source sends out, what percentage goes to cluster Target?”

This asymmetry carries a specific significance for digital humanities and studies that
use computational approaches on knowledge repositories. As presented in the
Introduction, Wikipedia's link structure does not only reflect historical information, but
it also reflects how contemporary editors document and connect this historical
information. The pattern visible under outgoing normalisation, in which Modern Era
scientists connect directly to Classical antecedents, is consistent with a
historiographical narrative in which the Renaissance marks a rupture after a not so
active medieval period and a rediscovery of Antiquity through classical texts. This
narrative has been substantially revised by recent scholarship [35, 36, 40, 41], yet it
remains structurally visible in the network under the outgoing normalisation
perspective. This need not mean that individual editors consciously reproduce a

superseded view. It is more likely that widely shared cultural framings of intellectual
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history leave measurable traces in large-scale link structures as an emergent property
of many independent editorial decisions [42, 43]. Lastly, this is the kind of pattern that
is difficult to detect through close reading of individual articles but becomes visible at

the network scale when data is aggregated.

These results also point to a methodological consideration relevant to anyone working
with large digital repositories. As shown here, the choice of normalisation direction is
not a neutral technical step; it determines which historical narrative the data makes
legible. The same network simultaneously supports a reading of historical continuity,
under incoming normalisation, and a reading of historical rupture, under outgoing
normalisation. It should be noted that neither reading is more correct than the other,
and neither can be derived from the data without a prior interpretive choice about
perspective. This is consistent with the argument, developed within digital humanities,
that quantitative representations of cultural data always involve decisions that shape
what becomes visible [44]. In this thesis, this is not necessarily a limitation but an
analytical resource. As described in Methodology, incoming and outgoing
normalisation are applied in a complementary manner precisely so that the narratives

encoded in Wikipedia's biographical network can be examined from both directions.
3.2.2.2. Embeddings Analysis

The preceding section established that biographical connections between FHAs cluster
overwhelmingly among contemporaries, with long-range links forming a sparse, non-
random layer above this dominant structure. What network topology alone cannot
reveal, however, is whether a comparable temporal organisation governs the semantic
contexts through which biographical pages engage with the broader world: the
concepts, institutions, events, and artefacts that their outgoing links reference. The
embeddings analysis addresses this question directly. In keeping with the approach
taken above, the focus falls primarily on Science and Humanities & Philosophy, while

results across all FHAs combined are also reported, whenever possible.
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The analysis extends the embedding approach to the full corpus of Wikipedia
biographical articles, each grouped by FHA and century as in the preceding subsection
(see 3.2.1.1. Network Analysis). Unlike the biographical network, however, this analysis
does not restrict outgoing links to connections between persons; all outgoing links
from each biographical article are retained. The informational content of each FHA-
century cluster is then summarised through a centroid vector, computed as the mean
of the embedding vectors belonging to that group. This representation condenses the
semantic profile of each cluster into a single point in the embedding space, aiming to
map the conceptual cultural landscape of each FHA and century as it is embedded in

the outgoing links of Wikipedia.
Gradual Temporal Ordering in Semantic Space

The century-level centroid vectors for Science and for Humanities & Philosophy and
of all FHAs combined are projected into three dimensions using Principal Component
Analysis (PCA), a technique that is suitable for big data visualisation since it reduces
the dimensionality of the embedding space while preserving the main axes of variation
[20]. This allows the relative positions of different centuries to be visualised and

compared.
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Figure 27 Visual representations of century embeddings for Science. (A) A three-dimensional principal
component analysis (PCA) projection, where each point denotes a century (negative values indicate BCE,
positive values CE) positioned by the first three principal components. Colors represent broad historical
periods. (B) A hierarchical clustering dendrogram for Science using Ward's linkage and cosine distances,
illustrating similarity relationships between centuries without dimensional reduction.

In both projections (see Figures 27A and 28A), the century centroids display a
tendency toward gradual temporal ordering, particularly over the last eleven centuries,
where temporally adjacent centuries tend to occupy relatively close positions in the
embedding space. At a broader scale, the centroids also form partially overlapping
clusters that correspond closely to conventional historical periods: the Classical Era
(5th century BCE to 4th century CE), the Middle Ages (5th to 14th centuries), the Early
Modern Era (15th to 17th centuries), and the Modern Era (18th to 20th centuries). It
should be mentioned that these groupings are not imposed by the analysis but
emerge directly from the embedding structure, without any predefined historical

categorisation.
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Figure 28 Visual representations of century embeddings for Humanities & Philosophy. (A) Three-
dimensional principal component analysis (PCA) projection, where each point represents a century
(negative values indicate BCE, positive values CE) positioned by the first three principal components.
Colors indicate broad historical periods. (B) Hierarchical clustering dendrogram for Humanities &
Philosophy using Ward's linkage and cosine distances, illustrating similarity relations between centuries

without dimensional reduction.
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Figure 29 Visual representations of century embeddings for all FHAs combined. (A) A three-dimensional
principal component analysis (PCA) projection, where each point represents a century (negative values
indicate BCE, positive values indicate CE) positioned along the first three principal components. Colors
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denote broad historical periods. (B) A hierarchical clustering dendrogram for all FHAs combined using
Ward's linkage and cosine distances, illustrating similarity relationships between centuries without
dimensional reduction.

Because PCA compresses high-dimensional data into a small number of dimensions,
there is a risk that the visual closeness of certain centuries in the projected space is a
by-product of the compression itself, rather than evidence of genuine similarity in the
original embeddings. To rule out this possibility, the temporal patterns observed in the

PCA projection are subjected to a series of independent verification steps.

The first verification applies hierarchical clustering, a method that groups data points
by progressively merging those that are most similar. Importantly, this procedure is
applied directly to the embeddings, not to any reduced-dimensional representation,
and it does not impose any prior assumptions about how the centuries should be
grouped. The result is shown as a dendrogram, a tree-like diagram in which centuries
judged more similar are joined by shorter branches, while more distant ones merge
later through taller branches. If the dendrogram recovers recognizable historical
periods without being explicitly instructed to do so, this provides independent

evidence that the temporal signal is present.

The second verification examines whether the known historical periods (i.e., Classical
Era, Middle Ages, Early Modern Era, and Modern Era) correspond to genuinely distinct
regions of the embedding space. Two standard measures of cluster quality are used
for this purpose. The Silhouette Score captures, for each century, how closely it
resembles other centuries belonging to the same period compared to those in the
nearest neighbouring period; a high score indicates that the periods are well
separated. Additionally, the Calinski-Harabasz Score provides a complementary
perspective by comparing the spread of centuries within each period to the spread

between periods; again, a higher value reflects cleaner separation.

The third and final verification asks whether the Silhouette Score obtained could simply

have arisen by chance, under a null model in which period labels are randomly
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reassigned to centuries. To answer this, the period labels are randomly reassigned to
centuries a large number of times, and the Silhouette Score is recalculated for each
random arrangement. This produces a reference distribution representing what scores
would look like if the groupings were meaningless. The actual observed score is then
compared against this distribution: if fewer than 5%3! of the random arrangements
produce an equal or higher score, the clustering is considered statistically significant.
In practical terms, this means that the organisation of centuries into historical periods
is unlikely to be a coincidence and instead reflects structure that is genuinely encoded
in the embeddings.

Table 5 presents the cluster quality of historically defined periods against a random baseline across

three groupings: Science (abbreviated "Sci.”, shown in green), Humanities & Philosophy (abbreviated
"Hum. & Phil.", shown in blue), and the full set of FHAs combined (shown in dark pink).

Sci. All FHAs
Silhouette Score*? 0.33 0.22
Mean Null Silhouette Score’? -0.28 -0.28
P-value 0.0001 0.0001

31 This is also known as the significance threshold usually denoted by a. It is a predetermined probability
cutoff used in hypothesis testing to decide whether the results are statistically significant [20].

32 The Silhouette Score measures how well each data point fits within its assigned cluster relative to
neighbouring clusters. For each century, it computes the average dissimilarity to all other centuries in
the same period and compares this to the average dissimilarity to centuries in the nearest other period.
The resulting value ranges from -1 to 1: a score close to 1 indicates that the century is much more
similar to its own period than to any other; a score near 0 suggests it lies on the boundary between two
periods; and a negative score indicates it may have been assigned to the wrong group. When averaged
across all centuries, the Silhouette Score thus provides a single, interpretable measure of how cleanly
the historically defined periods partition the embedding space.

33 The Mean Null Silhouette Score is the average Silhouette Score obtained by repeatedly reassigning
the period labels to centuries at random (in this case across 10,000 permutations) and recalculating the
score each time. Because these reassignments sever any connection between a century and its actual
historical period, the resulting distribution captures what clustering quality would look like in the
absence of any genuine temporal structure. The mean of this null distribution therefore serves as a
baseline: a positive observed Silhouette Score that substantially exceeds it provides evidence that the
period groupings reflect real organisation in the data rather than a statistical artefact.
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The results reported in Table 5 confirm this across all three corpora. The Silhouette
Scores are positive in every case — 0.33 for Science, 0.26 for Humanities & Philosophy,
and 0.22 for all FHAs combined — indicating that the historically defined periods
correspond to genuinely distinct regions of the embedding space. Moreover, when
tested against a null model (third verification step), these values stand in contrast to
the mean Silhouette Scores obtained from 10,000 random permutations of the period
labels, which are negative throughout (-0.28 for all examined cases). A negative null
score means that, when centuries are assigned to periods arbitrarily, the resulting
groups are less cohesive than what would be produced by a random partition of the
space. The permutation test strengthens this: in all three corpora the p-value is 0.0001,
indicating that none of the 10,000 random arrangements yielded a Silhouette Score
equal to or higher than the one actually observed. Given the aforementioned results, |
argue that the probability that the recovered period structure arose by chance is

therefore negligible.

Moreover, the dendrograms are consistent with the PCA projections. For both Science
(see Figure 27B) and Humanities & Philosophy (see Figure 28B), as well as for all FHAs
combined (see Figure 29B), centuries that are close in time tend to merge at lower
dissimilarity levels, indicating greater semantic similarity among temporally adjacent
periods. At the same time, the larger branches of the dendrograms merge at relatively
high dissimilarity levels, reflecting the gradual nature of conceptual change: the
semantic profiles of centuries do not sharply divide into distinct historical blocks but
shift incrementally over time. This confirms that the temporal signal visible in the PCA
plots is not an artefact of dimensionality reduction but reflects genuine structure in
the underlying embedding space as this has been generated by the outgoing links of

biographical pages.

Here it is worth talking about the clustering of centuries in broad historical periods
since it has a specific implication. Historical periodisation (i.e., the division of the past

into named eras) is a scholarly and cultural construct that serves mostly organisation
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purposes and it is not a feature of history itself [45, 46]. Historians and philosophers of
history have long debated the criteria by which periods are drawn, and the extent to
which divisions like “the Middle Ages” or “the Renaissance” reflect genuine
discontinuities or simply inherited conventions [47]. The fact that structurally similar
groupings re-emerge here from the relational patterns of biographical cultural entities
of scientists and philosophers, without being built into the method, suggests that these
conventional divisions are not entirely arbitrary within the network’s representational
logic. They correspond to the conceptual landscapes that biographical articles share,
and the cultural objects (e.g., ideas, institutions, intellectual traditions) that mediate
their connections and that these conceptual landscapes are themselves distributed

across time in ways that align with conventional periodisation.

This finding is important for two reasons. First, methodologically, it offers evidence
that vector-space representations of large biographical networks preserve historically
meaningful relational structure, which supports their use as tools for exploring how
cultural knowledge is organised and transmitted at scale [48-50]. Second, at the
interpretation level, it raises a question that the method alone cannot resolve: do these
clusters emerge because the cultural entities embedded in Wikipedia's network share
conceptual and relational contexts that following historical periodisation, or because
the network has been constructed within a historiographical tradition that already
organises knowledge in those terms? As mentioned in the Introduction, Wikipedia's
cultural entities are not direct representations of historical reality, but abstract
knowledge entities shaped by the editorial and epistemic regime through which they

were admitted into the network (see Introduction).

The two explanations are not mutually exclusive, and the finding is consistent with
both simultaneously. Intellectual history may have genuinely unfolded in periodised
ways; editors working within a historiographical tradition may have organised their
writing accordingly; or, most likely, both processes have reinforced one another over

time. As argued in the Introduction, Wikipedia's cultural entities are abstract knowledge
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entities shaped by the epistemic and editorial regime through which they were
admitted into the network; a regime that is itself a product of the intellectual history it
encodes. The clustering result therefore does not resolve the question of which
explanation is primary. What it does show is that the relational structure of the network
is consistent with conventional periodisation at the level of entire centuries, and that
this consistency is recoverable through computational methods that impose no

historical categories of their own.
Pairwise Semantic Similarity and the Temporal Tobler Pattern

While the centroid-based analysis offered a macroscopic view of how semantic profiles
relate to historical time, it does so by aggregating information across many
biographies simultaneously. This aggregation, by design, conceals variation at the level
of the individual. To recover that finer-grained picture, the analysis now shifts to the
level of individual nodes, in line with the principle of focus reading (see Introduction).
However, this analysis departs slightly from the specific application of focus reading
used in section 3.1.2.3, where individual nodes were examined to characterise the
cultural network of Art, Science, and Philosophy in the 17™ century. Here, the unit of
analysis is not a single biography in isolation, but rather a pair of century-level centroid
embeddings. Each centroid is constructed by pooling the outgoing Wikipedia links of
all biographical pages whose subjects were born in a given century. Comparing the
cosine similarity between century centroids against their temporal distance allows
structural patterns to emerge that would remain invisible at the aggregate level. The
pairwise analysis therefore makes it possible to ask a more precise version of the
central question: not whether semantic profiles shift over historical time on average,
but whether two centuries that are temporally distant also tend to be semantically

distant, and whether this relationship holds consistently across the dataset.
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Figure 30 Relationship between temporal distance and semantic similarity for Science (A), Humanities
& Philosophy (B), and all FHAs combined (C). The scatterplot shows the correlation between temporal
distance (x-axis) and the cosine similarity of the embeddings of century centroids of biographies (y-
axis).

The analysis shows that across the combined set of biographies and within individual
FHAs (see Figure 30), cosine similarity between century centroids tends to decrease
gradually with increasing temporal distance. In other words, centuries whose
biographical corpora are closer together in time tend to reference more similar
semantic contexts than those separated by many centuries. The strength of this
relationship is, however, modest. The coefficients of determination are moderate
(ranging from 0.39 to 0.59), indicating that temporal distance accounts for a substantial
but partial share of the variation in semantic similarity, with considerable scatter
remaining at the level of individual century pairs. By analogy with Tobler's first law of
geography — the principle that near things tend to be more related than distant things
[51]— this empirical regularity is referred to here as a "temporal Tobler" pattern: the
tendency for temporal proximity to be associated with greater semantic proximity in
the embedding space. As with its geographical counterpart, the pattern is not absolute;
many century pairs that are temporally distant are semantically similar, and vice versa.
What the pattern captures is a statistical tendency at the aggregate level, not a
deterministic relationship at the level of individual pairs. The effect is moderate and
consistent across FHAs, but some unexplained variance remains. Because that residual
variation is not uniform, some century pairs deviate from the fitted trend, and these
residual pairs are of particular interest, since the topics shared between them may

point to concepts, individuals, or institutions whose prominence recurs across distant
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periods. To surface these cases systematically, an outlier detection procedure is applied

to the full set of pairwise century comparisons for the FHAs under study.

For each pair of century centroids, the cosine similarity between the two pooled
embeddings is computed alongside their temporal distance. A linear trend is then
fitted to the relationship between distance and similarity, and the residual of each pair
is standardised into a z-score. Pairs are flagged as outliers if they are separated by at
least 10 centuries (this is the average temporal distance in the dataset), and their
residual z-score falls in the top five percent of all distant pairs. This residual-based
criterion ensures that what is identified is not merely high similarity in absolute terms,

but similarity that is anomalously high given the temporal distance involved.

For each outlier pair, the shared topics are retrieved by intersecting the outgoing link
vocabularies of the two century corpora, which in this case is the full set of Wikipedia
articles linked to from the biographical pages belonging to each century. These linked
articles include not only other biographical pages but also articles about concepts,
texts, institutions, and movements. Shared topics are ranked by their relative frequency
across the two corpora rather than by raw co-occurrence counts. This normalisation
corrects for differences in corpus size across centuries, which would otherwise inflate
raw term frequencies in larger corpora independently of any historical signal. In other
words, by working with proportions, the ranking reflects terms that are meaningfully
prominent in both corpora, not merely abundant in the larger one. The shared topic
vocabularies for each flagged pair are visualised as word clouds, in which font size is

proportional to the minimum relative frequency of each term across the two corpora.

The procedure flags 8 outlier pairs in total: 2 for Science and 6 for Humanities &
Philosophy. The two FHAs do not share the same endpoints which indicates that

different FHAs encode distinct historical processes in their semantic profiles.

For Science, two pairs are flagged. The first is (-2, 13), connecting the 2" century BCE

to the 13" century CE across a temporal distance of 15 centuries, with a cosine
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similarity of 0.905 (see Figure 31A). The second is (1, 13), connecting the 15t century
CE to the 13™ century CE across a temporal distance of 12 centuries with a cosine
similarity 0.929 (see Figure 31B). Both pairs share the 13™ century as their later

endpoint, though the earlier endpoints differ.

Outlier pair -2 -> 13 (distance=15, similarity=0.905) Outlier pair 1 -> 13 (distance=12, similarity=0.929)
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Figure 31 Word clouds showing the shared topic vocabulary for the two Science outlier pairs. (A) Outlier
pair —2-13 (distance = 15, similarity = 0.905). (B) Outlier pair 1-13 (distance = 12, similarity = 0.929). In
both panels, font size is proportional to the minimum relative frequency of each term across the two
century corpora.

The shared vocabulary of the (-2, 13) pair is organised around a cluster of scientific
figures of the Classical Era. The most visually prominent terms include Ptolemy,
Mathematician, Archimedes, and Alexandria, with secondary terms including
Astronomy, Astrology, Almagest, Arabic, Galen, Eudoxus of Cnidus, and Pliny the Elder.
The presence of Archimedes and Eudoxus of Cnidus alongside Ptolemy locates the
2nd-century BCE endpoint firmly in the tradition of Hellenistic mathematical and
astronomical science centred on Alexandria. The appearance of Arabic and Almagest
alongside Middle Ages points toward the 13th-century endpoint, where this classical
heritage was received and institutionalised through the Arabic-Latin translation
movement [37, 52]. Galen and Pliny the Elder extend the vocabulary beyond astronomy
into natural history and medicine, suggesting that the semantic bridge between these
two centuries is not limited to a single scientific domain but spans the broader

inheritance of Hellenistic natural inquiry.
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The shared vocabulary of the (1, 13) pair is similarly organised around mathematical
and astronomical transmission but with slightly different internal structure. The most
prominent terms include Mathematician, Astronomy, Astronomer, Arabic, Almagest,
and Ptolemy, with Ibn al-Haytham, Middle Ages, and Natural philosophy also present.
Compared to the (-2, 13) pair, Archimedes and the specifically Hellenistic figures are
less prominent, while Arabic and lbn al-Haytham are more so. This shift is consistent
with the 1st-century CE endpoint being less directly associated with the Hellenistic
school of Alexandria and more with the broader Greco-Roman scientific tradition that
the Arabic translators later engaged. The presence of Ibn al-Haytham alongside
Ptolemy is consistent with the view that the Arabic tradition contributed actively to this
transmission rather than serving only as a conduit [53, 54]. The appearance of Giorgio
Vasari is most plausibly explained by the fact that biographical pages of Renaissance
polymaths, which Vasari documented in his book Le Vite de' piu eccellenti pittori,
scultori, e architettori (Lives of the Most Excellent Painters, Sculptors, and Architects),
carry outgoing links that overlap with the classical and Arabic scientific vocabulary

shared between the two century corpora.

Together, the two Science pairs point toward a historically recognisable process: the
transmission and reception of classical scientific knowledge, organised around the
mathematical and astronomical inheritance of the Hellenistic world, with the 13th

century as its semantic concentration point in the medieval Latin tradition.
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Figure 32 Word clouds showing the shared topic vocabulary for two Humanities & Philosophy outlier
pairs. (A) Outlier pair —5-5 (distance = 10, similarity = 0.950). (B) Outlier pair —4-5 (distance = 9,
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similarity = 0.962). In both panels, font size is proportional to the minimum relative frequency of each
term across the two century corpora.

For Humanities & Philosophy, six pairs are flagged. Their endpoints and similarities are
as follows: (-5, 5) at distance 10 and similarity 0.950 (see Figure 32A); (-4, 5) at
distance 9 and similarity 0.962 (see Figure 32B); (1, 15) at distance 14 and similarity
0.915 (see Figure 33A); (4, 13) at distance 9 and similarity 0.947 (Figure 33B); (4, 14)
at distance 10 and similarity 0.939 (see Figure 34A); and (4, 15) at distance 11 and
similarity 0.939 (see Figure 34B).
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Figure 33 Word clouds showing the shared topic vocabulary for two Humanities & Philosophy outlier
pairs. (A) Outlier pair 1-15 (distance = 14, similarity = 0.915). (B) Outlier pair 4-13 (distance = 9, similarity
= 0.947). In both panels, font size is proportional to the minimum relative frequency of each term across
the two century corpora.
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Figure 34 Word clouds showing the shared topic vocabulary for two Humanities & Philosophy outlier
pairs. (A) Outlier pair 4-14 (distance = 10, similarity = 0.939). (B) Outlier pair 4-15 (distance = 11,
similarity = 0.939). In both panels, font size is proportional to the minimum relative frequency of each
term across the two century corpora.

The first group comprises the pairs (-5, 5) and (-4, 5), both of which connect a century

from the Classical Greek period to the 5th century CE. The earlier endpoint of (-5, 5)
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is the 5th century BCE, the period of Socrates and the Sophists; the earlier endpoint of
(=4, 5) is the 4th century BCE, the period of Plato and Aristotle. The later endpoint in
both cases is the 5th century CE, which belongs to Late Antiquity and is characterised
by the systematic reception and commentary of the Platonic and Aristotelian corpus

within Neoplatonist and early Christian frameworks [55].

The word cloud for (-5, 5) shows Alexandria and Aristotle as the most prominent
terms, followed by Plato, Athens, Suda, Proclus, Neoplatonism, Simplicius of Cilicia,
Byzantine Empire, Sophist, Rhetoric, and Ancient Greek philosophy. The word cloud for
(-4, 5) shows a closely related vocabulary: Alexandria, Athens, Suda, Rhetoric, Plutarch,
Proclus, Plato, Aristotle, Cicero, Simplicius of Cilicia, and Ancient Greek philosophy.
Across both word clouds, the shared vocabulary is that of the late antique commentary
tradition in which figures such as Proclus and Simplicius produced systematic
commentaries on Plato and Aristotle through the schools of Athens and Alexandria,
with encyclopaedic works such as the Suda serving as preserving and transmitting
vehicles. The high cosine similarities of both pairs (0.950 and 0.962 respectively) are
historically legible: the 5th century CE is semantically close to the Classical Greek
centuries not because the two periods were contemporaneous, but because the
intellectual project of the later period was organised substantially around the
explication and preservation of the earlier one (see also Figure 28A where the 5™

century CE appears very close to the Classical Era cluster).

The second group comprises the four pairs that involve the 4th century CE as their
earlier endpoint: (4, 13), (4, 14), and (4, 15), as well as the pair (1, 15), which has the 1st

century CE as its earlier endpoint and the 15th century CE as its later one.

The word cloud for (1, 15) (see Figure 33A) is dominated by Rome, Latin, and Stoicism,
with Rhetoric, Greek language, Cicero, Plato, Aristotle, Jerome, and Catholic Church
also present. The 1st-century CE endpoint corresponds to the Latin intellectual

tradition and more specifically to the period of Cicero, Stoic philosophy, and the early
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consolidation of Latin as a literary and scholarly language. The 15th-century CE
endpoint belongs to the Renaissance, which engaged directly with this Latin classical
inheritance alongside its Greek antecedents. The shared vocabulary of this pair thus
maps onto the Roman strand of the classical tradition, as distinct from the more purely

Greek vocabulary visible in the (=5, 5) and (-4, 5) pairs.

The word cloud for (4, 13) (see Figure 33B) is dominated by Constantinople, Aristotle,
Alexandria, Christianity, Christians, Jerome, and Rhetoric, with Latin, Arabic, Plato, God,
Catholic Church, and Thomas Aquinas also present. The 4th-century CE endpoint
corresponds to Late Antiquity at the moment of Christianity's institutional
consolidation and more specifically the period of the Council of Nicaea, Jerome's
Vulgate translation, and the absorption of Platonic and Aristotelian philosophy into
Christian theology [56, 57]. The 13th-century CE endpoint corresponds to the
scholastic synthesis, when figures such as Thomas Aquinas engaged systematically

with Aristotle through Arabic intermediaries.

The word cloud for (4, 14) (see Figure 34A) shows a vocabulary closely related to (4,
13) but with some differences in emphasis. Constantinople, Rhetoric, Christianity, Latin,
Jerome, Alexandria, Aristotle, Plato, and Catholic Church are again prominent, but
Porphyry of Tyre, Platonism, Sophist, Historian, and Cicero also appear, and the
Christian-institutional terms are somewhat more balanced against the philosophical

ones.

The word cloud for (4, 15) (see Figure 34B) is dominated by Constantinople, Catholic
Church, Christianity, Latin, Rhetoric, Rome, and Jerome, with Gregory of Nazianzus,
Basil of Caesarea, Neoplatonism, Virgil, Plato, Aristotle, Martin Luther, and Humanism
also present. The vocabulary here is the most overtly Christian-institutional of the four
pairs in this group, while also including humanist terms (Humanism, Virgil, Cicero)
consistent with the 15th-century endpoint. The presence of Martin Luther is most

plausibly explained by the birth-century assignment used throughout this analysis:
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figures whose intellectual activity is associated with the early 16th-century Reformation
were born in the 15th century and therefore contribute Reformation-related semantic
content to the 15th-century corpus. Therefore, this should be read as a consequence
of the classification method rather than as evidence that the Reformation is a

conceptually central feature of the connection between the 4th and 15th centuries.

To summarize, the six Humanities & Philosophy pairs point toward two related but
distinct historical processes. The first, captured by the (-5, 5) and (-4, 5) pairs, is the
late antique reception of Classical Greek philosophy and more specifically the
commentary tradition that preserved and transmitted Plato and Aristotle through the
schools of Athens and Alexandria. The second, captured by the (1, 15), (4, 13), (4, 14),
and (4, 15) pairs, is the longer arc of classical reception through Christian institutional
and humanist frameworks, in which the 4th century CE serves as an early consolidation
point and the 13th through 15th centuries CE as successive moments of re-

engagement.

Together, the outliers in both FHAs almost exclusively correspond to historically
recognised eras of intensified transmission and reception: the Islamic translation
movement and its Latin scholastic uptake in the case of Science, and the late antique
commentary tradition, early Christian institutionalisation, and humanist re-
engagement in the case of Humanities & Philosophy. In this sense, the outliers can be
read as empirical markers of what might be called temporal bridges. In other words,
specific centuries that function as hubs of long-range knowledge transmission, where
earlier corpora were received, reorganised, and reintroduced into new intellectual
contexts. The fact that the vocabulary of these temporal bridges differs systematically
across fields could be explained by the fact it reflects distinct regimes of transmission,
in which Science is anchored by identifiable technical texts and their translation chains,
while Humanities & Philosophy is mediated by a wider network of commentary
traditions, institutional theology, and literary culture. However, it is worth noting, that

a broader and more culturally mediated vocabulary is also more susceptible to
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retrospective editorial framing: Wikipedia biographies of Late Antique or Renaissance
figures tend to link outward to articles that reflect how modern scholarship categorises
their historical significance, rather than concepts strictly contemporary to those
figures. Whether the breadth of the Humanities & Philosophy vocabulary reflects the
genuine historical complexity of classical transmission in that field, or partly an artefact
of editorial framing, is a distinction the data alone cannot settle, and both

interpretations should be held open.

3.2.3. Discussion

Summary of the findings. The analysis presented here converges on a core empirical
claim: Wikipedia’'s biographical network encodes historical time in a structured and
non-random way; a claim that the previous analysis already demonstrated at the scale
of one century (see Results — section 3.7). More importantly, this structure is recoverable
through both network and semantic methods applied at scale. Three findings support

this claim, and they are presented below before their implications are drawn out.

First, temporal homophily operates as a general organising principle across the entire
biographical network. Quantitatively, 96.99% of all biographical links connect
individuals born within a one-century span, and the average temporal distance
between linked individuals (i.e., 33.78 years) closely approximates the demographic
interval of a human generation (27 to 30 years) [21, 22]. This pattern also holds within
disciplinary subsets such as Science and Humanities & Philosophy. This result is
consistent with the findings of Jatowt et al. [7], who identified temporal homophily
over a narrower time window, but the present analysis extends it across 25 centuries
and nearly two million biographical pages. This extension demonstrates that the
pattern is not period specific. The convergence with the generational interval suggests
that Wikipedia’'s link structure registers the temporal radius of social co-existence,
which can be shaped by kinship, succession, collaboration, rivalry, etc., as refracted

through encyclopaedic documentation.
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Second, the minority of long-range connections is not randomly distributed and
carries meaningful information. The directional asymmetry between incoming and
outgoing based normalisation reveals what is described here as a topological bypass
under outgoing normalisation, Modern Era scientists link preferentially to Classical Era
figures, bypassing medieval intermediaries. Under incoming normalisation, however,
the Middle Ages appear as a genuine connector, receiving links from the Classical Era
and transmitting them forward in time. This finding is consistent with the broader
argument in digital humanities that quantitative representation of cultural data encode

interpretive choices that shape what become visible [44].

Third, the embeddings analysis shows that temporal organization extends beyond the
links structure into the semantic content of biographical pages. Century-level centroid
vectors form partially overlapping clusters that correspond to conventional historical
periods, without those periods being built into the method. This correspondence is
confirmed by hierarchical clustering, cluster quality metrics (Silhouette scores of 0.33
for Science, 0.26 for Humanities & Philosophy and 0.22 for all FHAs combined), and
permutation tests in which none of 10,000 random rearrangements of period labels
produced an equal or higher score (p = 0.0001). At the focus reading level and more
specifically at the pairwise comparison, cosine similarity decreases gradually with
increasing temporal distance across all FHAs examined, a regularity described here as
a temporal Tobler pattern by analogy with Tobler’s first law of geography [51]. Lastly,
the outlier detection procedure applied to the pairwise comparisons identifies century
pairs whose semantic similarity is anomalously high relative to their temporal distance.
The procedure flags four such pairs in total, and their distribution is itself analytically
significant: the Science outliers cluster around the 13th century CE with a vocabulary
related to the Islamic Golden Age, while the Humanities & Philosophy outlier clusters
around the 15th century CE with a vocabulary related to the Renaissance and the

Christian clergy.
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Theoretical Implications. The results presented above have a specific implication for
how large-scale digital repositories can be used as tools for examining questions about

cultural memory and disciplinary epistemology.

The first implication concerns the relationship between network topology and
semantic content. The network analysis and the embeddings analysis address different
levels of the same object; the link structure and the conceptual context of links,
respectively. They converge on a consistent picture: temporal organisation is present
at both levels, but in different forms. Network topology shows sharp concentration
and selective long-range bypasses, whereas semantic content shows gradual, graded
change. That pattern suggests that the cultural network of scientists and philosophers
does not encode a single temporal logic but two simultaneously. Treating these two
approaches as complementary rather than redundant, as the framework adopted here

does, allows patterns to emerge that neither analysis could surface alone.

The second contribution engages with the historiographical content embedded in the
network's structure, and in doing so returns to the concept of cultural entities
introduced in the Introduction of this thesis. As established there, a cultural entity in
the context of Wikipedia is not a direct representation of its real-world referent but a
constructed knowledge object consisting of two analytically distinct layers. The first is
a historiographical layer: the accumulated record produced by expert scholarship
through the documentation and interpretation of past events and figures. The second
is an editorial layer: the re-interpretation and selection of that expert record by
Wikipedia's community of editors, operating under the platform's normative
guidelines of verifiability, notability, and neutrality. These two layers are entangled in
every article and, by extension, in every edge of the wikilink network. This
entanglement has direct consequences for how the network patterns identified in this
section should be interpreted. The topological bypass finding shows that the same
network simultaneously supports a reading of historical rupture and a reading of

continuity depending on the normalisation applied. In my opinion, this divergence is
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not a technical artefact. The two normalisation procedures weight the network's edges
differently, and in doing so they effectively “privilege” different layers of the cultural
entity: one amplifies the traces of the historiographical record, the other amplifies the
editorial decisions through which that record was selectively incorporated into
Wikipedia. The case of the Middle Ages illustrates this concretely. The relative
peripherality of medieval figures under outgoing normalisation does not mean that
the Middle Ages are historiographically suppressed in Wikipedia. Rather, the
connections through which medieval knowledge is integrated into the network are
foregrounded differently depending on which normalisation is applied and, by
extension, which layer of the cultural entity is being read. From one vantage point, the
intellectual contributions of the Middle Ages appear marginal; from another, they
appear as structurally embedded connective tissue linking ancient and early modern
knowledge. This distinction matters not only for the empirical analysis presented here
but for the theoretical treatment of digital cultural repositories more broadly: what a
knowledge network reveals about the past is always a function of how the network is

read and analysed, not only of what the network contains.

Practical Implications. That last theoretical implication is the connector to a practical
implication of this study. More specifically, the methodological finding that
normalisation direction shapes the historical narrative made legible by the data has a
direct consequence for researchers working with large amount of information and
using models to abstract this information. As Ahnert et al. argued, any network is an
abstraction thus the choices we make when building this abstraction affects the
analysis itself [58]. In general, in many cultural studies there is always, sometimes
implicitly, a choice of directionality (e.g., which periods influenced which, which figures
are central etc.) The present analysis suggests that both normalisation perspectives
should be applied and reported as a matter of standard practice. Moreover, this is not
only important for Wikipedia studies but for every study using network data to quantify

culture and measure some cultural phenomena.
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Lastly, the last practical point that should be highlighted is the use of semantic
embeddings in cultural analytics. The permutation-tested Silhouette scores reported
here provide a concrete model for validating whether period-level clustering in
embedding space reflects genuine structure or dimensional compression artefacts.
Applying this verification sequence (i.e., PCA projection, hierarchical clustering, cluster
quality metrics, and permutation testing) guards against the over-interpretation of
visual patterns in reduced-dimensional projections and should be considered in

studies of digital humanities and cultural analytics.
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4. Conclusions, Limitations & Future
Work

4.1. Overview

The goal of this thesis was to develop and apply methods, both newly created and
already existing, to identify, quantify, and interpret connectivity patterns between
cultural entities, using as a case study the network of wikilinks of the English Wikipedia.
That aim was pursued through three successive contributions, each building on the
previous one. The first contribution examined whether an analysis of the network of
Wikipedia can recover culturally meaningful connectivity patterns between cultural
entities within a defined historical period and specific disciplines. As a proof of concept,
| focused on the network of Art, Science, and Philosophy in the 17th century Europe
(see Results — section 3.7). The second contribution addressed the computational
infrastructure required to extend such analysis beyond a single historical period,
presenting WikiTextGraph, an open-source tool for extracting text and the wikilinks
network from Wikipedia dumps in a reproducible and efficient manner (see
Methodology — section 2.3). The third brought together the analytical insights of the
first contribution and the software developed in the second to propose a large-scale
framework combining network and distributional semantics approaches, through
which temporal and semantic patterns across approximately 2 million biographies

spanning 25 centuries were identified and interpreted.

The present section draws together the main findings of this thesis and presents their
collective theoretical and practical implications. It also reflects on the limitations of the
work and qualifies the scope of these findings. Throughout, the section maintains the
interpretive frame established in the Introduction: the network of Wikipedia is not a
neutral map of cultural history, but a representation shaped by two distinct layers of

mediation. The first is historiographical: the patterns it encodes reflect centuries of

180



CHAPTER 4 — CONCLUSIONS, LIMITATIONS & FUTURE WORK
expert scholarly judgment about which figures, events, and ideas are historically
significant. The second is editorial: Wikipedia's collective of editors has made further
decisions about which of that knowledge merits inclusion in the platform and how it
should be connected. The patterns identified in this thesis should therefore be read as
evidence of how cultural knowledge has been doubly filtered and selectively encoded
in a large, collaboratively constructed digital knowledge system, and not as direct

evidence of historical reality.

4.2. Conclusions

4.2.1.  Summary of Findings by Research Question

4.2.1.1.  RQ1: Network Analysis of a Historical Period

The first research question asked whether a network-based analysis of Wikipedia's
network structure can recover meaningful connectivity patterns between cultural
entities, using a given historical period as a case study. The analysis of the 17th-century
cultural network of Art, Science, and Philosophy answers this question affirmatively,
demonstrating that Wikipedia's link structure does retain historically and culturally

meaningful signals (see Results - Wikipedia as a Cultural Lens — a Network Approach).

The contribution that distinguishes this work from prior studies in the field is the shift
from analysing individual triads of figures to averaging network metrics across many
sampled triads. Rather than characterising the 17th century through the lens of a single
configuration of individuals, which would reflect one particular selection of figures, this
approach derives a portrait of the period from the averaged metrics of multiple triads,
each representing a different combination of actors within Art, Science, and
Philosophy. This makes the resulting characterisation of the historical period more
robust and less contingent on any individual selection, addressing a recurring

limitation in network-based cultural history research.
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Four findings emerged from this analysis. First, the degree to which the 17t-century
network separates into three disciplinary clusters sits between the values recovered for
the Italian Renaissance and the early 20t century, consistent with the hypothesis that
disciplinary specialisation has increased progressively across the modern period.
Second, at the cluster level, Philosophy emerges as the most internally cohesive
discipline and the Science-Philosophy connection as the strongest cross-disciplinary
bond in the network, reflecting the well-documented reorientation of early modern
Philosophy towards epistemology and the foundations of scientific knowledge. Third,
Art is by far the most inward-looking discipline, with openness values that vary
systematically with the geographical positioning of individual artists, consistent with
the documented regional fragmentation of the 17"-century art world. Fourth, at the
node level, within-discipline and cross-discipline connectivity follow different statistical
distributions, suggesting that the two types of connection are generated by different

underlying mechanisms.

In summary, these findings demonstrate that Wikipedia's network is sensitive to
historically meaningful structural change and that the triad-averaging method can
surface culturally central figures and concepts that were not selected at the outset. This
last capacity aligns directly with the analytical logic of focus reading: large-scale
structural analysis identifies what is worth examining closely before the close

examination begins.
4.2.1.2. RQ2: A Scalable Pipeline for Wikipedia Data Extraction

The second research question asked how a scalable, multilingual pipeline for extracting
the text and the network from Wikipedia's content articles can be designed and
implemented in a way that remains accessible to non-technical audiences. To address
this question, it is necessary to first situate it within the trajectory of the broader

project.
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This research question did not arise independently; it emerged directly from the
findings of the first contribution. Once the period-specific analysis demonstrated that
Wikipedia's link network, when examined through the methods of complex network
analysis, can recover historically meaningful structural patterns, the logical next step
was to ask whether a comparable approach could be extended to longer temporal
windows and larger populations of articles. Scaling up the analysis in this way, however,
required infrastructure that the standard online request methods provided by
Wikipedia could not reliably support. While querying Wikipedia's API is appropriate for
retrieving a small number of articles, this approach becomes increasingly impractical
as the number of content pages grows, due to rate limits and the cumulative overhead

of repeated individual requests.

To resolve this constraint, WikiTextGraph was developed. Rather than relying on live
online queries, WikiTextGraph parses and processes a complete Wikipedia database
dump, extracting both the textual content of articles and their internal wikilink
structure to construct a network representation at scale. This infrastructure does two
things simultaneously: (1) it resolves a technical bottleneck, and (2) it establishes the

analytical conditions under which the third contribution becomes possible.
42.1.3. RQ3: Temporal and Semantic Patterns in the Biographical Subnetwork

The third research question asked what temporal and semantic patterns emerge in the
biographical subnetwork of the English Wikipedia when analysed across twenty-five
centuries. To address it, both network and distributional semantics methods were
applied to a large dataset of approximately 2 million biographical pages, each
classified by Field of Human Activity (FHA). This question can be seen as the
continuation of the two preceding contributions: the first established that Wikipedia's
link structure encodes historically meaningful signals at the period level, and the
second provided the computational infrastructure to operate at a scale that would

have otherwise been technically unfeasible. The third contribution brings these two
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strands together and asks whether the patterns recovered in a single, bounded
historical period hold and how they evolve when the analysis is extended to a larger
temporal range of Wikipedia's biographical coverage by combining network and
semantic methods. Network analysis and distributional semantics address different
dimensions of the same object: the former captures the relational structure between
biographical entities, while the latter captures the thematic and conceptual content of
the articles themselves. Using them in tandem allows patterns to emerge that neither

approach could surface in isolation.

Three principal findings resulted from this combined approach. The first is that
temporal homophily operates as a general organising principle of the biographical
network: biographical wikilinks connect overwhelmingly to individuals from the same
or adjacent centuries, with an average temporal distance that approximates the length
of a human generation. This extends and generalises a pattern previously reported in
the literature over narrower time windows, establishing it as a structural property of

the network across twenty-five centuries rather than a period-specific feature.

The second finding concerns the long-range connections that sit outside this dominant
pattern and what they reveal about how Wikipedia encodes intellectual history.
Examining the network from two complementary normalisation perspectives shows
that the same data simultaneously supports a reading of historical continuity and a
reading of historical rupture. This divergence is not a technical artefact but a reflection
of the layered nature of the cultural entity, in which the historiographical record and
the editorial decisions that incorporated it into Wikipedia leave distinguishable traces

depending on the analytical perspective applied (see Introduction).

The third finding is that temporal organisation extends beyond link structure into the
semantic content of biographical pages. Without any historical categories being built
into the method, the semantic profiles of biographical pages organise themselves into

clusters that correspond closely to conventional historical periods. At the pairwise
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level, semantic similarity decreases gradually with temporal distance, a regularity
described here as a temporal Tobler pattern. The outlier detection procedure applied
to the full set of pairwise century comparisons identifies specific century pairs whose
semantic proximity is anomalously high relative to their temporal distance. These
outliers are of interest because they flag cases where biographical corpora separated
by ten or more centuries share a concentration of the same figures, texts, and concepts.
This pattern is consistent with long-range processes of knowledge transmission that
would not be visible in a period-by-period analysis. What makes this finding worth
noting is that these connections are recovered from the link structure of biographical
pages without any prior historical categorisation built into the method; the
correspondence with processes that historians have independently documented
therefore serves as a form of external validation. The results showed that there is a
disciplinary contrast between the two FHAs: the Science outliers are organised around
a relatively delimited vocabulary of textual and figural transmission, while the
Humanities and Philosophy outliers span a broader network of philosophical,
theological, rhetorical, and literary culture. This difference may reflect genuine
asymmetries in how the two fields encoded and transmitted their classical inheritance,
though the possibility that this breadth is partly an artefact of Wikipedia's retrospective

editorial framing cannot be excluded.

4.2.2. Theoretical and Practical Contributions

This thesis contributes to the field of cultural analytics by developing and applying a
quantitative framework that treats Wikipedia's hyperlink network as a cultural network.
The contribution is twofold: methodological and empirical. At the methodological
level, this thesis introduces a software pipeline for analysing Wikipedia data dumps
and their relational structure. At the empirical level, two interconnected results
chapters demonstrate that this network can be analysed systematically across different
scales of resolution, from the characterisation of a single historical period to the

longitudinal examination of nearly two million biographical pages spanning twenty-
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five centuries. Together, these contributions support the central claim that large-scale
digital repositories such as Wikipedia do not merely store cultural information; they
organise it in ways that are amenable to formal analysis and that surface patterns

inaccessible to traditional humanistic methods operating at smaller scales.

The first theoretical contribution concerns the analytical status of historical periods as
units of analysis. In much of the existing literature, structural or cultural properties of
a given period are inferred from the analysis of individual figures, rendering the
resulting characterisation sensitive to the particular composition of the sample. In
other words, a different selection of individuals could, in principle, yield a substantially

different picture.

This thesis addresses that limitation through the triad-averaging framework. Rather
than analysing any single artist, scientist, or philosopher, the method draws a large
number of sampled triads of figures from within the same century, computes network
metrics for each, and derives period-level estimates by averaging across all sampled
configurations. This procedure shifts the unit of analysis from the individual to the
period itself. Structural properties such as the degree of disciplinary specialisation, the
relative internal cohesion of constituent disciplines, and the strength of cross-
disciplinary connections are thereby treated as statistical regularities of the period
rather than as properties of any particular configuration of individuals. The historical
period, in this framework, becomes a measurable and comparable analytical object in

its own right.

The results for the seventeenth-century network demonstrate that this approach
recovers patterns consistent with established historical knowledge. These include the
centrality of the Science-Philosophy axis and the progressive decoupling of Art from
both disciplines following the Italian Renaissance. At the same time, the methodology
produces genuinely new quantitative regularities, including the power-law distribution

of inter-cluster connectivity and the core-periphery organisation of intra-cluster
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strength. These findings would not be visible from an individual-level analysis, which
supports the argument that the triad-averaging procedure is not merely a

methodological convenience but a substantive analytical advance.

The second theoretical contribution concerns the relationship between two distinct
levels at which the same cultural network can be analysed: its topology (that is, the
structure of its connections) and its semantic content (that is, the meaning encoded in
the text of its pages). The biographical network analysis shows that temporal

organisation is present at both levels, but in different forms.

At the topological level, the dominant pattern is temporal homophily: figures tend to
be connected to others who lived in the same period. However, this general tendency
is interrupted by selective but historically meaningful connections across centuries and
eras. One notable finding is that, under certain analytical perspectives, medieval figures
become structurally invisible, a result that raises questions about whose contributions
the network systematically marginalises. At the semantic level, the pattern is one of
gradual, graded change. Temporally adjacent centuries tend to occupy closer positions
in embedding space, and conventional historical periods emerge as distinct semantic

clusters without being imposed on the method in advance.

Building on this structural picture, the outlier analysis adds a finer layer of
interpretation. By identifying century pairs whose semantic similarity is unexpectedly
high relative to their temporal distance, it points to specific historical processes as the
drivers of unexpected semantic affinity across centuries. In the case of Science, the
Islamic Translation movement is identified as one such driver; in the case of Humanities

and Philosophy, it is the humanist recovery of classical textual culture.

The convergence of network and semantic analyses on a consistent, if not identical,
picture of temporal organisation supports the argument that these two dimensions
are not redundant. Rather, they are mutually illuminating. Treating them as

complementary is methodologically more powerful than applying either in isolation,
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because each dimension reveals aspects of cultural organisation that the other cannot

capture alone.

The practical contributions of this thesis operate at two levels. For researchers working
with Wikipedia or comparable knowledge repositories, the results show that the
wikilinks network can function as a data source for cultural and historical analysis,
rather than merely as a supplement to the textual content of Wikipedia's articles. The
structural patterns recovered here align with well-established historical knowledge
across multiple periods and disciplines. This alignment supports the practical use of
wikilinks networks as a meaningful empirical object in their own right, not merely a

convenient proxy for other sources of evidence.

This finding has implications beyond Wikipedia itself. As cultural datasets continue to
grow in scale, encompassing digitised archives, biographical databases, citation
networks, and large-scale encyclopaedic corpora, the question of how to extract
historically meaningful signal from relational structures shared across millions of
entities becomes increasingly central to the practice of cultural analytics. This thesis
demonstrates that such extraction is possible, and that it can be done in a way that is
both computationally tractable and interpretively accountable. By this the thesis means
that the patterns recovered can be evaluated against independent historical

knowledge rather than treated as self-validating outputs of algorithmic processing.

4.3. Limitations

A central limitation of both analyses concerns the status of Wikipedia as the main data
source. The results demonstrate that Wikipedia's cultural network encodes historically
meaningful structural and semantic patterns; however, what is captured is not cultural
history itself, but a socially situated representation of it. As noted in the Introduction,
Wikipedia is produced by a self-selected community of editors operating under norms
of verifiability, notability, and neutrality, and grounded in pre-existing institutionalised

knowledge. The patterns recovered here must therefore be interpreted as properties
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of a historically mediated knowledge system rather than of the past directly. The
following discussion outlines the principal sources of bias that shape this

representation.

One of the most extensively documented biases concerns gender. Female subjects
remain under-represented in Wikipedia's biographical corpus, and existing articles
tend to be shorter, less interconnected, and more peripherally positioned than those
of comparable male figures [1-3]. This imbalance is historically uneven, becoming
more pronounced prior to the twentieth century, where women's contributions to Art,
Science, and Philosophy were systematically excluded from the records on which
Wikipedia relies. In the 17th-century analysis, the triads used to characterise the
cultural network are therefore drawn from a predominantly male pool. Consequently,
the observed structural properties (e.g., modularity, assortativity, and node frequency)
reflect a network already filtered by this exclusion. Whether a more gender-balanced

corpus would yield different structural patterns remains an open question.

Geographic bias introduces a second layer of distortion. Wikipedia's coverage is
disproportionately concentrated on Western Europe and, increasingly, North America,
with comparatively limited representation of other regions [4, 5]. Accordingly, the
17th-century network analysed here is more precisely a representation of Western
European intellectual activity as encoded in the English-language edition of Wikipedia.
Even within Europe, peripheral regions and minority traditions are likely under-
represented relative to established centres of scholarly attention. This skew extends to
the large-scale biographical network, where temporal homophily and semantic
clustering primarily reflect individuals embedded in Anglophone-accessible

historiographical traditions.

This leads to a further constraint: the exclusive reliance on the English-language
Wikipedia. While methodologically justified by its scale, this choice introduces edition-

specific biases tied to the perspectives and priorities of its predominantly Anglophone
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editor base [6, 7]. Figures more extensively documented in other language editions
may appear in attenuated form or be absent altogether [8]. This is particularly relevant
for the identification of cross-period semantic bridges, such as the Islamic Translation
Movement linking the Classical Era to the 13th century. Although the results align with
established historiography, multilingual analyses could plausibly modify the
prominence or configuration of these connections. Prior work shows that different
language editions produce systematically different prominence rankings, indicating

that the observed patterns are partly contingent on the chosen edition [9].

Wikipedia's notability criteria further constrain the composition of the network. The
requirement for coverage in reliable secondary sources ties inclusion closely to the
canon established by academic and journalistic institutions [2, 10-12]. As a result, the
network systematically privileges figures who have been recognised and documented
within these traditions, while excluding those who were marginalised, insufficiently
recorded, or subsumed under collective forms of attribution [6]. The resulting structure

reflects not cultural production as such, but its retrospective canonisation.

A related constraint arises from the uneven survival and digitisation of historical
sources. Coverage of earlier periods depends on the availability of secondary materials
that have persisted and are accessible to editors [13]. This introduces a non-random
survivorship bias favouring institutionally embedded individuals and regions with
durable archival infrastructures. Consequently, the networks reconstructed for the
Classical Era, Middle Ages, and Early Modern period are conditioned by long-term

processes of preservation and loss that cannot be fully corrected.

Temporal asymmetries in Wikipedia’s own development add a further layer of
unevenness. Since its founding in 2001, coverage has expanded incrementally, with
recent periods and prominent figures typically receiving earlier and denser attention.
Article content reflects not only accumulated historical knowledge but also the

evolving priorities and demographic composition of the editor community [14]. For an
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analysis spanning multiple centuries, this variability in editorial maturation remains a

background condition.

Altogether, these limitations point to a broader methodological constraint. Wikipedia's
cultural entities are constructed knowledge objects shaped by the interaction of
historiography and editorial practice. The structural and semantic regularities are
therefore properties of this representation of the past. Their correspondence with
established historical knowledge provides a useful validation signal, but it is not
independent of the same traditions that inform Wikipedia itself, introducing a degree

of circularity.

At the same time, this does not diminish the analytical value of the approach. Precisely
because Wikipedia aggregates and formalises a vast body of historiographical
knowledge, it offers a unique opportunity to study how cultural memory is structured,
connected, and hierarchically organised at scale. The methods developed here make
it possible to systematically interrogate these structures, to identify both dominant
patterns and omissions, and to open new lines of inquiry into how knowledge about

the past is collectively produced and represented.

In summary, the limitations outlined above qualify the scope of the findings presented
in this thesis without undermining their substance. Together, the three contributions
demonstrate that Wikipedia's cultural network encodes historically meaningful
structural and semantic patterns at scale, that those patterns can be recovered through
reproducible computational methods, and that this approach both corroborates
patterns historians have documented through other means and surfaces quantitative

regularities that were not previously visible at this scale.

4.4. Future Work

Several directions for future research follow from these limitations. A first direction

concerns the identification of the nodes that occupy the core and the periphery within
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each disciplinary cluster. The bimodal distribution of intra-cluster strength established
that a core-periphery structure exists, but the question of which specific nodes
constitute the core in each discipline requires a dedicated analysis. This would bring
the present method into closer dialogue with debates in intellectual history about

canon formation and the structural conditions of intellectual centrality.

A second direction concerns the generative mechanisms underlying the observed
distributions. The bimodal-versus-power-law contrast between intra-cluster and inter-
cluster connectivity is consistent with the coexistence of random-growth and
preferential-attachment processes but confirming this dual mechanism would require
explicit modelling. Building generative models that reproduce both distributions
simultaneously, and testing whether they reproduce the empirical patterns observed

across multiple periods, is a direction that would offer substantial theoretical rewards.

A third direction concerns the geographical and linguistic extension of the framework.
The present analysis is restricted to the English version of Wikipedia. Applying it to
other language editions would allow systematic comparison across cultural traditions.
For instance, the relationships between religion and politics, or between scientific and
literary cultures are all candidate domains in which the same analytical framework

could be deployed.

A fourth direction concerns the extension of the data source. The method depends on
a network with sufficient internal linking density, but it is not intrinsically tied to
Wikipedia. Natural language processing tools could be used to extract comparable
networks from other linked corpora, such as archival catalogues, bibliographic
databases, or domain-specific knowledge bases. Comparing the cultural networks
recovered from different sources for the same period would offer a way of testing the

robustness of the findings reported here.
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A1. Period characterization

A1.1 Normalised Google Distance

A: Close neighbours
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Supplemental Figure 1 Fictional example to illustrate how structural relatedness between Wikipedia articles is
measured by the Normalised Google Distance (NGD). The panel illustrates how the degree of shared
neighbourhood between two articles determines their relatedness score. Purple nodes represent the two articles
being compared; teal nodes represent their shared neighbours; grey nodes represent neighbours unique to one
article. The relatedness bar at the bottom of each panel shows the corresponding score on a scale from 0 (no
relatedness) to 1 (maximum relatedness). When two articles share a large proportion of their neighbours, as in the
case of Jazz and the Harlem Renaissance, which are both connected to Louis Armstrong, Adelaide Hall, and New
York City, the NGD assigns a high relatedness score (0.82), reflecting strong conceptual proximity despite the
absence of a direct wikilink.
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B: Partial overlap
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Supplemental Figure 2 Fictional example to illustrate how structural relatedness between Wikipedia articles is
measured by the Normalised Google Distance (NGD). Each panel illustrates how the degree of shared
neighbourhood between two articles determines their relatedness score. Purple nodes represent the two articles
being compared; teal nodes represent their shared neighbours; grey nodes represent neighbours unique to one
article. The relatedness bar at the bottom of each panel shows the corresponding score on a scale from 0 (no
relatedness) to 1 (maximum relatedness). When the shared neighbourhood is modest relative to each article's total
neighbourhood, as with Jazz and Classical music, which share only Music theory and Orchestra, the score drops to
a moderate value (0.38), indicating partial but limited conceptual overlap.
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Supplemental Figure 3 Fictional example to illustrate how structural relatedness between Wikipedia articles is
measured by the Normalised Google Distance (NGD). Each panel illustrates how the degree of shared
neighbourhood between two articles determines their relatedness score. Purple nodes represent the two articles
being compared; teal nodes represent their shared neighbours; grey nodes represent neighbours unique to one
article. The relatedness bar at the bottom of each panel shows the corresponding score on a scale from 0 (no
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relatedness) to 1 (maximum relatedness). When two articles occupy entirely separate regions of the network and
share no neighbours at all, as with Jazz and Quantum physics, the distance is effectively infinite and the relatedness
score approaches zero (0.04), indicating the complete absence of any structural relationship.

A2. WikiTextGraph
A2.1. Page-level filter

Supplemental Table 1 Page titles excluded during the text preprocessing phase of the English
Wikipedia corpus.

English (EN)

Wiktionary: Category: Draft: File: List of
MediaWiki: Module: Template: Wikipedia: Index of
Help: Portal: Image: Draft: (disambiguation)

A2.2. Sections filter

Supplemental Table 2 Section where WikiTextGraph will stop the extraction of the text. The sections
below signify blocks that usually contain external links and not wikilinks.

English (en)

See also Publications References Notes

Footnotes External links Further Reading
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A3. Temporal and Semantic Patterns In Wikipedia's Network of

Biographies

A3.1. Fields of Human Activity (FHAS)

The final list of FHAs along with a brief description of what they include are:

1.

Sports: Athletes of all types, such as track and field competitors, runners, and
F1 drivers.

Government & Law: Encompasses politicians (e.g., senators, royalty) and those
in Law Enforcement (e.g., police officers, jury members, attorneys).
Dramaturgical Arts: Covers mostly actors and actresses.

Applied Arts: Features individuals involved in any form of applied art, such as
sculptors and painters.

Music: Includes musicians like singers, front-persons, drummers, and
conductors.

Literature: Encompasses those connected to literature, such as writers, authors,
essayists, and translators.

Humanities & Philosophy: Contains individuals within the broader fields of
humanities and philosophy, including philosophers, educators, teachers, and
professors.

Business: Includes people involved in business, such as entrepreneurs,
businesspeople, bankers, and merchants.

Science: Covers individuals in scientific fields, such as physicists, engineers,
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chemists, biologists, and astronauts.

10. Religion: Includes people related to religion, such as priests and religious
leaders.

11. Media: Encompasses individuals in media, such as journalists, radio hosts, and
YouTubers.

12. Military: Covers individuals associated with military or paramilitary
organizations, including generals, soldiers, and paramilitary operatives.

13. Healthcare & Medicine: Covers individuals in the healthcare and medical

fields, such as doctors and paramedics.

A3.2. Weight Normalisation

The following example illustrates how connection counts are normalized under each
method. Consider a hypothetical directed weighted network G (Supplemental Figure
4). In this network, nodes represent clusters defined by a century and an FHA. The
edges connecting these nodes indicate a relationship between them. This relationship
is expressed through the initial weight assigned to each edge corresponds to the
number of connections originating from one node and leading to another. For
example, "(Art, 17) — (Science, 16), 20" indicates the existence of 20 links directed from

artists in the 17th century CE to scientists in the 16th century CE.
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Government,

17

Supplemental Figure 4 Dummy graph as an example to explain the different types of normalisations.
The colour of each node corresponds to the FHA and the century. The edges are being weighted based
on the number of links that each (FHA, century) sends to another (FHA, century).

Out-degree normalisation

For the first scenario of normalizing based on the outgoing links, we start by building
the raw weight matrix of the network G: W = [w;;] which looks like this (Supplemental

Table 3):

Supplemental Table 3 Raw weight matrix for outgoing-link normalisation. The table reports the
unnormalized adjacency weights w;; of network G, where each cell indicates the number of outgoing
links from biographies in a given source field—century group to biographies in a corresponding target
group. Source groups are listed in rows and target groups in columns.

Target
Art, 17 Science, 16 Music, 20 | Governmen
t, 17
Art, 17 0 20 0 0
Science, 16 0 0 2 0
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Music, 20 110 15 0 0
Source

Government, 0 0 5 0
17

At this stage we aim to normalize based on the outgoing links (row-wise). Thus, we do:

ij_zN

j=1Wij

Where:

e w;; is the raw number of connections from node i to node .
N . . . .
e XL,w;; is the total sum of connections leaving from node i

e w¥;; is the normalized weight based on the outgoing links/ out-degree.

The resulting table (Supplemental Table 4) looks as follows:

Supplemental Table 4 Row-wise normalisation of outgoing link weights. The table presents the
adjacency matrix after normalizing each row by the total number of outgoing links from the
corresponding source group. Each entry shows the proportion of links from a given source field-century
group to each target group, yielding normalized weights that sum to 1 within each row.

Target
Art, 17 Science, 16 Music, 20 | Governmen
t 17
Art, 17 0 20/20 = 1.00 0 0
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Science, 16 0 0 2/2 = 0
1.00
Source
Music, 20 110/125 = 15/125 = 0.12 0 0
0.88
Government, 0 0 5/5 = 0
17 1.00

For any cluster Source in any given century, out-degree normalisation tells us: “Out of
all the links that cluster Source sends out, what percentage goes to cluster Target?”
This means, for each source category, we look at all the outgoing links and calculate
what fraction of them are directed to each possible target category. The fraction
highlights the relative importance of different target categories from the perspective
of the source. To illustrate it more clearly, we will give an example on how to interpret
the values. Suppose that we study the (Art, 17 - Science, 16) relationship from Table
SM2.

e Art, 17 - Science, 16:20/20=1.0

e 20 edges leave from Art, 17 and they end up in Science, 16.

e The total number of outgoing links (deg™) of Art, 17 is 20.

e Interpretation: 100% of the edges that leave from Art, 17 end up to Science, 16.

In summary, out-degree-based normalisation gives the proportion of the source’s

outgoing links that are directed to each specific target.
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In-degree normalisation

For the second scenario, which is the normalisation based on the incoming links,

consider again the same hypothetical directed weighted network. As in the previous

example, the same raw weight matrix: W = [w;;] which look as follows (Supplemental

Table 5):

Supplemental Table 5 Raw weight matrix used for incoming-link normalisation. The table displays the
unnormalized adjacency weights w;; for the hypothetical directed network used in the incoming-link
normalisation scenario. Each cell reports the number of links received by field-century group from a
given source group, forming the basis for subsequent column-wise (incoming) normalisation.

Target
Art, 17 Science, 16 Music, 20 Government,
17
Art, 17 0 20 0 0
Science, 16 0 0 2 0
Source
Music, 20 110 15 0 0
Government, 0 0 5 0
17

Normalisation based on the in-coming links necessitates performing the previously

executed procedure but now in a column-wise manner. Thus:

Where;

w

Wij

ij = 3N
X Wij
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e w;; is the raw number of connections from node i to node j.
e 3, w; is the total sum of connections coming to node .

e w7;; is the normalized weight based on the incoming links/ in-degree.

The weight in this case will be normalized as follows (Supplemental Table 6):

Supplemental Table 6 The table reports the adjacency matrix after normalizing each column by the
total number of incoming links received by the corresponding target group. Each entry represents the
proportion of links directed toward a target field—century group that originate from a given source
group. This normalisation highlights the relative contribution of each source to the incoming link profile
of each target.

Target
Art, 17 Science, 16 Music, 20 | Government,

17

Art, 17 0 20/35 = 0 0
0.57

Science, 16 0 0 2/7 = 0.28 0

Source

Music, 20 110/110 = 15/35 = 0 0
1.00 0.43

Government, 0 0 5/7 = 0.72 0

17

For any cluster Target (FHA, century), in-degree-based normalisation answers the

question: “Out of all the links that cluster Target receives, what percentage comes from

cluster Source?” In other words, for each target cluster, we look at its incoming links
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and calculate what fraction originated from each possible source cluster. This fraction
helps us understand the relative importance of source clusters as the main contributors
of links to other target clusters. As in the out-degree-based normalisation we provide
an example to help the readers understand better the interpretation of the values after
applying in-degree-based normalisation. Assume that we want to study the (Art, 17 -

Science, 16) relationship (Supplemental Table 6).

Art, 17 - Science, 16: 20/ 35=0.57

20 edges leave from Art, 17 and end up in Science, 16.

The total incoming links to Science, 16 (deg™) is 35.

Interpretation: 57% of the edges that come Science, 16 are from Art, 17.

In summary, in-degree-based normalisation gives the proportion of the target's

incoming links that are coming from each specific source.
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