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Abstract

In the paper we want to argue that semantically informed typed-edge network analysis provide
powerful bridge between computational modeling and historical inquiry in the context of
prosopography. We focused on a typed-edge network analysis of interpersonal relationships
in the court of Emperor Maximilian I: our dataset is a semantic multigraph in which edges
represent historically attested actions and are explicitly categorized by interaction type. We
apply community detection (Louvain algorithm) to the relative aggregated network and
analyze the distribution of interaction types within and across the resulting communities. Our
findings show that some communities are semantically coherent, dominated by a specific type
of interaction, while others exhibit a broader functional profile. We then define node-level
metrics that allow an interpretive classification into different combinations of roles (commu-
nity broker vs insider, specialist vs generalist).

Keywords: network analysis, historical networks, digital humanities, prosopography,
entropy

1 Introduction

In recent years, the use of network analysis in historical research has expanded from basic measures
[10] to more sophisticated forms of relational modeling that emphasize temporality, heterogeneity
and semantic features [1; 8]. This shift is particularly relevant in the context of prosopography
[5; 6], where the focus is not only on identifying named individuals across sources, but also on
understanding the social functions, institutional roles and interaction patterns that define them.
In this paper, we contribute to this direction by presenting a typed-edge network analysis based
on data from the APIS (Austrian Prosopographical System) [12], which investigates the political,
cultural and administrative networks surrounding Emperor Maximilian I (1459—-1519).

Rather than focusing solely on the emperor himself, the project aims to reconstruct the broader
ecosystem of people and practices that shaped the Habsburg court during a time of major transfor-
mation at the turn of the 16th century [9]. The figure of Maximilian I, often described as a master
of propaganda and strategist of visual and symbolic communication, serves as a focal point around
which multiple social and functional subsystems emerge [7]. These include artistic production (e.g.
print and armor), ceremonial and diplomatic activity. The goal is to model this world not only as
a social network of individuals, but as a layered and semantically meaningful complex system of
interactions.

To do so, we build a historical prosopographical network in which edges are not only indi-
cators of co-presence or proximity in text, but explicitly represent different kinds of historically
attested actions, such as payments, orders, participation in shared events etc. Each edge is typed
according to the nature of the interaction it encodes, allowing for the construction of a semantic
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multigraph where individuals may be linked by multiple distinct relations. We then investigate
how the structure of this network relates to the semantics of the underlying actions.

Our approach is both computational and interpretive. We apply community detection methods
to explore wheter structurally coherent subgroups align with functional domains of action. We an-
alyze the distribution of interaction types within and across communities and develop node-level
metrics to classify individuals into meaningful social roles. This allows us to raise historically in-
formed questions: are brokers across communities typically functionally versatile? Do generalists
act locally or bridge across groups? Can network metrics help uncover the structural logic of a
medieval court?

While the historical interpretation of individual actors is ongoing, we show that this combined
approach (grounded in semantic modeling and network topology) can provide meaningful insights
into social dynamics that would otherwise remain opaque. In particular, we argue that typed-
edge networks offer a productive bridge between quantitative modeling and qualitative historical
interpretation, enabling the emergence of roles and functions not predefined by the sources, but
inferred from their structure and meaning.

2 Dataset and Network Modeling

The dataset presented in this paper is part of the ongoing Managing Maximilian project !, which
investigates the sociopolitical and cultural landscape at the court of Maximilian I (1459-1519).
This multifaceted project brings together several researches focusing on different domains, such
as military objects, literary productions, communications and administrative practices. Our contri-
bution, situated within the Digitising Maximilian subproject, aims to construct a prosopographical
knowledge base centered on the emperor’s entourage and his broader sphere of interaction.

The data used for the present network are derived from a set of historical sources selected
and processed as part of the Managing Maximilian project. Rather than relying on a single type
of source, we combine information extracted from a variety of documents that shed light on the
interpersonal dynamics at the imperial court. These include:

+ administrative records (e.g., payments, official appointments, account books),
+ correspondence and petitions addressed to or issued by Maximilian or his agents,
* records of events (such as ceremonies, diets, marriages, court appearances),

+ and documents relating to artistic and literary production, such as commissions, dedications
and printing contracts.

Chronologically, the dataset focuses on the period ca. 1480-1520, covering the active reign of
Maximilian as king and later as emperor. The sources vary in granularity: while some offer precise
dates and detailed participant lists, others contain indirect references or partial information, which
we model with explicit uncertainty where necessary.

The dataset is still under active expansion, and we consider the current network a partial but
meaningful snapshot of the structured data available so far. Future updates will include additional
interactions, especially those involving lesser-documented actors, marginal groups, and foreign
agents.

One of the key features of our network is that edges are not generic links between individuals,
but are explicitly typed according to the nature of the interaction they represent: each edge car-
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ries a categorical type attribute reflecting the nature of the interaction (e.g., “payment”, “order”,
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“co-create”, “participation in event”, “communication”, and others). These interaction types were
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defined through an iterative and collaborative process involving both historians and data model-
ers. While some categories emerged directly from the language of the sources (e.g., payment,
order, gift-giving), others were formulated to capture recurring but more abstracted patterns of ac-
tion (e.g., co-creation, participation in event, life events). The initial taxonomy was constructed
bottom-up from the datasets contributed by different subprojects within Managing Maximilian,
each of which focused on specific domains (e.g., Armouring, Creating, Contextualising, Depict-
ing, Gendering, Singing, Writing). These local categories were then harmonized into a shared
semantic scheme inspired by the event-centric modeling approach of the Austrian Prosopograph-
ical Information System (APIS) [12], itself rooted in the Factoid model [3] and CIDOC-CRM
ontology [13]. This model distinguishes between Entities (e.g., persons, families, offices, places)
and Statements (events or interactions involving entities), and it allows us to model actions such
as “co-authoring a poem”, “commissioning an artwork”, or “sending a gift” with high semantic
granularity. Our aim was to strike a balance between specificity and abstraction: interaction types
needed to be expressive enough to reflect the meaning of the historical action, yet abstract enough
to allow for systematic comparison across datasets.

For the present analysis, we extract a person-to-person network from the event layer by pro-
jecting interactions where at least two individuals are involved in the same historical action.

Each edge has a unique type but, since multiple interactions of different types can occur be-
tween the same individuals, the resulting structure is a multi-graph: a pair of nodes can be con-
nected by several parallel edges, each with its own semantic classification.

In addition to building a network of interacting individuals, this approach enables us to explore
the distribution and function of specific action types within the broader social structure. Indeed,
unlike traditional co-occurrence networks, which are typically based on joint mentions of names
within textual units such as paragraphs or documents, our network is also extracted from textual
sources, but through an interpretive layer of semantic modeling. Rather than relying on proximity,
each edge in our network reflects a specific historically attested interaction, grounded in source-
based event representations and explicitly categorized by action type.

The semantic annotation of edges allows us to distinguish between different functional layers
within the court (ceremonial, financial, artistic, diplomatic) which often coexist and overlap. This
richness enables us to ask more precise questions, such as: do communities of practice emerge
along functional lines? Are some individuals involved in highly diverse interactions, while others
are more specialized? And how does this diversity correlate with their structural position in the
network?

As the project is still in progress, the network analyzed in this paper is based on the data
currently available: it consists of 377 nodes and 2,100 edges, of which 413 are multiple connections
between the same pairs of nodes. A visual representation of the resulting multigraph is shown in
1, where nodes represent individuals and edges colors correspond to different types of actions. In
this graph, we intentionally removed Maximilian himself from the graph: as a central institutional
figure, he appears in almost all interactions, acting as a superhub and potentially distorting both
visual and structural analyses. His exclusion allows the structure of interpersonal connections
within the court to emerge more clearly.

The modeling phase is therefore not merely preparatory but interpretative: the choice of in-
teraction types or the decision to collapse or preserve multiedges are all steps that influence what
kind of historical insight can emerge from the network analysis. The resulting graph provides a
structured lens through which we can explore Maximilian’s world not as a monolithic hierarchy
but as a multiplex arena of actions.
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Figure 1: Interaction network (Maximilian excluded)

3 Methods and Results
3.1 Community detection

We applied the Louvain modularity optimization algorithm to the aggregated, undirected projection
of the prosopographical multigraph described in Section 2. The network consists of individual
nodes connected by one or more edges, each representing a specific action (e.g., “order”, “gift-
giving”, “co-creation”). In this projection, multiple interaction types between the same pair of
individuals are collapsed into a single weighted edge, where the number of connection is preserved
in an edge attribute.

The Louvain algorithm identifies clusters of nodes with dense intra-cluster connections and
relatively fewer inter-cluster connections, maximizing the modularity in the network [2; 4]. Tra-
ditionally, these clusters (hereafter “communities”) serve as a proxy for identifying functional or
social groupings within the network, without presupposing any historical categorization. Specifi-
cally, the algorithm assigns to each node an integer as community label (community ID): in our
network 16 communities have been found (see Figure 2 ).

In order to compare this community classification with the interaction type on the edges, we
annotated each edge based on whether it connects individuals belonging to the same community
(intra-community) or to different communities (inter-community). This resulted in an additional
attribute community_edge, set to the community ID if both endpoints share it, and to 0 if the edge
spans across communities. This classification allows for examining the structural and semantic
properties of edges in relation to modular organization.
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Figure 2: Community detection (Louvain algorithm): 16 communities have been identified.

3.2 Edge-level analysis: semantic of communities

Building on the typology of actions encoded during the modeling phase, we grouped edges by
their type (“payment”, “order”, “communication”, “printing”, etc.). We then computed frequency
distributions of interaction types both within and across communities.

We visualized this in two ways:

)«

* a heatmap showing, for each community, the proportion of internal interactions of each type
(see Figure 3);

* a barplot comparing, for each interaction type, the proportion of inter-community vs. intra-
community edges (see Figure 4).

These analyses allow us to observe that in general types of interaction tend to be functionally
bounded (e.g. ownership transfers and orders mostly within clusters) while other types exhibith a
significant portion of structurally transversal connections (e.g., printing or communication across
groups). Notably, these types appear to serve as “semantic bridges” between otherwise discon-
nected communities.

We also tested whether the structural communities detected via Louvain align with the domi-
nant semantic categories of the edges, providing a barplot showing the percentage of edges with
different interaction types for each community (see Figure 5). While there is some degree of over-
lap, the mismatch in other cases highlights the importance of retaining edge-level semantics rather
than relying on purely structural partitions.
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Figure 3: Heatmap showing the distribution of interaction types within each community detected
via Louvain modularity. Each cell indicates the number of intra-community edges of a given in-
teraction type. Communities are sorted by ID along the vertical axis, and interaction types along
the horizontal axis. The color intensity reflects frequency (only interactions with at least 10 occur-
rences are shown). This visualization reveals that some communities are strongly characterized by
a dominant type (authorship), while others exhibit more diverse relational profiles.

3.3 Node-level analysis: bridging and diversity

To complement the structural analysis, we computed node-level metrics capturing how individuals
relate to community structure and semantic roles.

Inter-community edge ratio For each node i, we computed the proportion of its incident edges
that connect to nodes in other communities (i.e., edges labeled as inter-community).

Cinter ('L)
ki
This simple ratio (number of inter-community edges eineer(7) divided by total degree k;) serves
as a proxy for bridging capacity, i.e., its role in connecting otherwise separate social groups. How-
ever, this ratio is known to be unstable for low-degree nodes, as even a single edge can result in a
high value.

T'inter (Z) =

Semantic diversity (normalized entropy) To better understand the functional roles of individu-
als, we computed a normalized Shannon entropy over the distribution of interaction types attached
to each node. Shannon entropy [11] is a classical information-theoretic measure that quantifies
the unpredictability or heterogeneity of a distribution. In our context, it captures how evenly an
individual’s interactions are distributed across different types: higher entropy indicates a more
balanced and diversified engagement, while lower values reflect functional specialization.
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Figure 4: Barplot comparing the distribution of interaction types across intra- and inter-community
edges. For each type, the total number of occurrences is split between connections within the
same community (intra) and those linking different communities (inter). Interaction types such as
“payment” and “ownership transfer” appear predominantly within communities, while others—
such as “printing” or “communication” have also a portion of inter-community links, suggesting
their partial role as semantic bridges. We excluded “activity” from the plot because its frequency
was much higher than the other types.

To capture the variety of interaction types used by each individual, we computed a normalized
Shannon entropy over the distribution of interaction types across a node’s incident edges. For a
node ¢, the normalized entropy is given by:

— Zz—il €t IOg €t
log TZ
where e; is the fraction of edges of type ¢ connected to ¢, and 7; is the number of distinct
interaction types used by i. This yields a value in the range [0, 1], where 0 indicates that the
node engages in only one type of interaction (full specialization), and 1 corresponds to a perfectly
balanced use of T; types. This metric provides a degree-independent measure of a node’s semantic
versatility.

Hnorm(i) —

3.3.1 Combined classification

To explore the interplay between structural position and interaction diversity, we plotted the nodes
with degree higher than 10 in a two-dimensional space defined by Hyom (%) (semantic diversity)
on the x axis and rjneer(7) (inter-community ratio) on the y axis. Based on threshold values (respec-
tively, 0.75 and 0.2), we segmented the nodes into four interpretive categories:

* cross-community multitasking: high diversity, high inter-community ratio.

*+ cross-community specialist: low diversity, high inter-community ratio.
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Figure 5: Stacked barplot showing the semantic composition of each community based on intra-
community interactions. For each community detected via Louvain clustering, the plot displays
the proportion of interaction types among its internal edges. The distribution highlights different
relational profiles: some communities are dominated by a single type (e.g., “printing”, “order”),

while others exhibit a more balanced combination of action types. This suggests a functional
specialization or thematic cohesion within certain groups.

* intra-community multitasking: high diversity, low inter-community ratio.

* intra-community specialist: low diversity, low inter-community ratio.

This classification highlights different social roles within the network. Cross-community gen-
eralists may function as multi-skilled cross-community, while intra-community specialists appear
as highly focused individuals embedded within a local context. We visualized representative nodes
from each category to support qualitative interpretation and historical contextualization.

The threshold values used to define the four interpretive categories in the scatterplot (e.g., 0.75
for semantic diversity and 0.2 for inter-community edge ratio) were chosen empirically, based on
visual inspection of the distribution and exploratory testing. As the dataset is still incomplete, we
opted for a pragmatic and transparent approach rather than a fixed statistical cutoff. In future work,
once the network is more complete and stable, we plan to adopt more systematic classification
methods, such as clustering algorithms, percentile-based segmentation or threshold optimization
techniques based on role-specific validation.

Further details on the implementation, including data preprocessing and code availability, are
provided in the Appendix.

4 Discussion

Our quantitative analyses offer a nuanced view of how structured and semantic layers interplay in
the social network around Emperor Maximilian. Below, we synthesize these findings, discuss their
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Figure 6: Scatterplot of nodes (with degree k£ > 10 positioned according to their semantic di-
versity (normalized entropy) on the x-axis and inter-community edge ratio on the y-axis. This
two-dimensional representation allows for the classification of individuals into four interpretive
categories.

methodological implications, and sketch emerging historical interpretations based on the network.

4.1 Why typed networks matter

Building a network with typed edges—rather than relying on simple co-occurrence allows us to
anchor graph structure in meaningful historical semantics. Unlike co-occurrence models, which
merely signal that two individuals appear in the same text segment, our prosopographical network
encodes specific actions (e.g., “payment”, “communication”, “co-authoring”) represented as dis-
crete edge types. Comparing the resulting community structure with the semantic nature of edges
reveals how functional roles shape (and are shaped by) the modular structure of political and ad-
ministrative relationships. As shown in Figures 4 and 3, certain communities are almost entirely
defined by single function types (e.g., “authoring”), while others involve mixed-action profiles,

offering deeper insight than purely structural partitions.

4.2 Linking quantitative and qualitative approaches

The integration of node-level metrics such as inter-community ratio and semantic diversity (nor-
malized entropy) allows us to classify actors by their network roles (broker or insider, versatile or
specialist). This quantitative classification invites targeted qualitative investigation.

While our historical analysis remains preliminary, several promising paths emerge. For in-
stance Johannes Cuspinian emerges in the category of cross-community multitasking (high diver-
sity, high inter ratio): this aligns with his historical roles as a humanist, scientist, historian and
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diplomat at Maximilian’s court. The network metric captures his versatility and broad connectivity,
confirming historiographic interpretations. In the group of cross-community specialists (low diver-
sity, high inter ratio) we find Matthaus Lang (later Archbishop of Salzburg) and Jakob Wimpfeling.
They maintained targeted relations across communities through religious or humanistic channels,
reinforcing their status.

These insights show that network analysis, when grounded in historical semantics, is not just
a tool for visualization or data exploration—it offers a framework for generating and testing hy-
potheses about agency, role, and social positioning. In this sense, typed prosopographical networks
act as interpretive devices, helping to trace patterns that might otherwise remain hidden or implicit
in textual evidence.

5 Conclusions

This study shows how combining structural analysis with semantically typed edges in a historical
network can reveal functional roles and relational dynamics that would remain hidden in untyped or
purely co-occurrence-based models. By analyzing a prosopographical multigraph centered on the
court of Maximilian I, we showed that some interactions tend to cluster into a specific community
while other span over distinct clusters. Node-level metrics like inter-community ratio and Shannon
entropy enabled a more fine-grained classification of actors. The resulting interpretive categories,
such as versatile vs specialists or community brokers vs community insiders, offer a promising
approach between computational modeling and historical prosopography. As the dataset evolves,
future work will explore more standardized and data-driven methods for role classification.

This work opens several directions for future research. First, with a larger amount of data, the
static projection used here could be extended into a temporal multilayer network, where interac-
tions are ordered chronologically and layered by type. This would allow for the study of diachronic
change, e.g., how the role of an individual shifts across time and functions. Second, while this study
focused on node-level roles, future work could explore edge-level centralities (such as between-
ness) or relational motifs to detect patterns of delegation, mediation or indirect influence. Third,
we plan to further integrate qualitative historical interpretation by contextualizing network patterns
through archival reading and source criticism, especially for key individuals that exhibit interesting
or unexpected profiles in the classification space.

Lastly, we intend to integrate these measures in the platform that will be released at the end of
the project, enabling both reuse and methodological transparency.
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A Technical Implementation and Reproducibility

All data processing, modeling, and analysis were carried out using the statistical programming lan-
guage R, primarily through the packages igraph for network construction and metrics, dplyr for
data wrangling and ggplot2 and plotly for visualizations. Community detection was performed
using the Louvain algorithm via the cluster_louvain() function in igraph, applied to the giant
component of the acion networks extracted by the current version of ManMax-APIS (July 2025).

The entropy-based diversity score was implemented manually as a normalized Shannon en-
tropy computed from the frequency distribution of interaction types per node. The inter-community
edge ratio was derived from community labels assigned to nodes and edges. Additional classifica-
tion logic and plotting functions were developed in R using standard data transformation pipelines.

To support reproducibility, we provide both the full codebase used for analysis and a partial
dataset—the action network on which the code can be directly applied. These data contain all
typed interactions modeled as edges between individuals, along with their attributes and meta-
data. Code and sample data are available at our GitHub repository: https://github.com/
managing-maximilian/CHR2025---Semantics-vs-Structure/.

The full prosopographical network, currently under development, will be released at the end
of the project as an interactive online platform designed for exploratory research.

This commitment to openness reflects the project’s goal of contributing reusable tools and
methods to the broader digital humanities community and to enable critical engagement with the
modeling choices made.
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