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ABSTRACT

This study investigates the structural differences in character networks within Portuguese-
language literary works across various genres, including Fantasy, Mystery, and Romance. By
exploring how character interactions and relationships differ across genres, we aimed to
understand the underlying narrative structures that define each genre. Through Social
Network Analysis, specific metrics were extracted for each genre, analyzed, and a Principal
Component Analysis (PCA) was conducted, with real-life networks added for comparison and
reference. Our analysis revealed that, although no extremely prominent metric differences
were observed among the genres, there were notable structural tendencies within each
genre. Fantasy narratives tend to focus on a single main character that interacts with many
other characters, exhibiting lower density and clustering than other genres, and have less
focus on relationship building. Mystery narratives feature moderately sized, denser networks
with key bridging characters and the highest centrality on a relationship, translating into a
balance of relationship and character building. In contrast, Romance narratives present the
most variable network size, emphasizing multiple central characters and cohesive subgroups,
focusing especially on relationship building. This makes Romance and Fantasy the most
different genres, while Mystery acts as a mix of these structure strategies and is
simultaneously closer to what is observed in real-life networks. The study acknowledges
limitations related to sample size and data processing, highlighting the need for future
research with larger and more diverse datasets to validate these findings.
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Social Networks Analysis (SNA); NLP; Genre Theory; Portuguese Literature
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1. INTRODUCTION

Understanding the structural differences in character networks within Portuguese-language
literary works across various genres is a complex yet intriguing challenge. Despite most
readers being able to identify their favorite book genre, the literary academic field lacks
consensus on the precise characteristics that define each genre (Chandler, 1997). This study
aims to fill this gap by exploring how character networks vary across genres within Portuguese
literature, leveraging the power of Natural Language Processing (NLP) and Social Network
Analysis (SNA).

The Portuguese language boasts a literary tradition spanning eight centuries, originating from
Galician roots and evolving through several significant periods, each leaving a distinct mark on
its development (Earle et al., 2013). This rich history includes medieval poetry, chronicles of
Portuguese society, theatrical pieces, and epics narrating overseas expansion, extending to
modern works (dos Reis, 1993). Portuguese-language literature, a fundamental aspect of
Portuguese culture, has been the subject of scholarly investigation over the years regarding
its progression and heritage (Tamen & Buescu, 2013).

Given the unique characteristics of Portuguese literature and its genres, there is substantial
potential for applying advanced analytical techniques to enhance our understanding. Natural
Language Processing (NLP) provides innovative solutions for data-driven challenges by
enabling the automatic analysis and representation of human language (Cambria & White,
2014). NLP is essential for analyzing and understanding literature across various linguistic
contexts, significantly enhancing the creation and analysis of character networks (Labatut &
Bost, 2020), named entity recognition (Naseer et al., 2021; Amaral et al., n.d.), and semantic
analysis (Maulud et al., 2021), that allows this study to delve deeper into the dynamics within
literary texts and analyse them.

To address the gap in understanding the structural differences in character networks across
genres within Portuguese-language literary works, this study utilizes Social Network Analysis
(SNA) (Newman, 2010). SNA provides a framework to study how the web of relationships
between social actors influences social phenomena (Borgatti et al., 2018). By applying graph
theory and network science methods, SNA has been applied in a broad range of disciplines,
demonstrating wide-reaching implications (Otte & Rousseau, 2002). From analyzing complex
social structures to understanding individual behaviors, SNA aids diverse fields such as health
research (Fernandez-Pefia et al., 2022), animal welfare (Norman et al., 2023), and scientific
collaboration (Fonseca et al., 2016). In literary studies, SNA helps map the relationships
between characters (Park et al., 2013), offering a deeper understanding of how intricate
dynamics and relationships drive literary narratives.

Inspired by Silva et al. (2023) and Mamede & Chaleira (2004), we utilize the TAGGUS (Canario
& Duarte, 2024) information retrieval pipeline to identify and extract characters and their
relationships from Portuguese literary works. This extracted information is then used to infer



the social networks of characters and analyze the characteristics of each work across various
genres. This study assesses how character networks compare between genres in the
Portuguese language using network properties and graph specific measures to compare

networks, also conducting a principal component analysis (PCA) and adding real life networks
to draw a comparison and reference values for the metrics.



2. RELATED WORK

Network analysis is a powerful framework commonly used to study the interconnected nature
of physical and social systems. It offers a means to study the organization and functionality of
complex systems (Freeman, 2004; Borgatti et al., 2009; Mata, 2020; Bento et al., 2020;
Newman, 2010). Thus, it is unsurprising that network analysis has been applied to
entertainment. Examples range from biblical texts (Massey, 2016) to novels (Jarynowski &
Boland, 2016) but also include manga (Sugishita & Masuda, 2023), films (Mourchid et al.,
2019), and TV shows (Fronzetti Colladon & Naldi, 2019).

This application of network analysis is particularly intriguing when considering the complex
landscape of Genre Theory. At first glance, the delineation between literary genres such as
fiction and non-fiction might appear straightforward: non-fiction adheres to factual narratives
of real events or phenomena, and fiction, despite occasionally incorporating non-fiction
elements, primarily weaving stories from imagination and depicting events that are not
factual. However, the landscape of Genre Theory is markedly complex, having been the
subject of academic exploration for decades (Wellek & Warren, 1956; Fowler, 1982). Wellek
& Warren (1956), introduce a theoretical framework for understanding literary genres,
emphasizing that genres are dynamic, evolving constructs rather than static categories. This
perspective is echoed and expanded upon by Tzvetan Todorov (1978), who articulated that
the emergence of new literary genres often entails the transformation of existing genres,
whether by inversion, displacement, or combination.

Lopes (2010) states the importance of thematic, structural, and formal elements in genre
classification in her examination of both literary and journalistic genres. This notion of fluidity
and subjectivity in genre delineation is further supported by Chandler (1997), who remarks,
“One theorist's genre may be another's sub-genre or even super-genre, and what is technique,
style, mode, formula, or thematic grouping to one may be treated as a genre by another.”
Bordwell (1989) argues that themes alone are inadequate for defining genres since any theme
can manifest across different genres. Genre theory's intricate and evolving nature challenges
categorizing literary works within rigid boundaries.

Genre theory is key for developing recommendation systems. Indeed, such information
filtering systems can broadly predict whether a particular user would prefer an item based on
the user’s profile (Isinkaye et al., 2015). However, when focusing on entertainment, models
benefit from metadata such as the genre (Middha et al., 2022). Reddy et al. (2019) and Kim
and Moon (2011) achieved notable results in developing content-based movie
recommendation systems using genre correlation, similarity, and preferred genres. Similarly,
in book social media platforms like Goodreads® or StoryGraph? which have their own

1 https://www.goodreads.com
2 https://app.thestorygraph.com
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recommending systems for literary works, the genre is a significant indicator and factor for
better performance and user satisfaction and experience.

In this context, the analysis of texts, scripts, and images (Park et al., 2009) becomes essential
as it allows for the inference of fictional social networks, which can underscore the significance
of character networks in dissecting and understanding fictional narratives (Labatut & Bost,
2020). The extraction process of these networks and their characteristics vary according on
the narrative's source, the network's analysis goal, and other factors. However, indeed,
character networks can simplify a story's plot by unveiling its details and summarizing it
through characters and their interactions, making them useful tools to aid genre theory.

Ardanuy et al. (2015) explored the correlation between character networks within novels and
their genre classification, highlighting how novelistic subgenres are flexible in style and
structure. By constructing character-based social networks, the study applied two clustering
methods: one by genre and the other by author. The results revealed the inherent challenges
of genre-based clustering, reflecting the broader complexities and ambiguities within genre
theory itself. Conversely, author-based clustering provided more definitive results, suggesting
that a novel's network structure more accurately reflects an author's stylistic fingerprint than
its genre classification.

The pioneer work by Alberich et al. (2002) on the fictional Marvel Universe demonstrates that
characters' social networks exhibit many properties commonly found in real-world social
networks. More recently, Gessey-Jones et al. (2020) mapped the web of relationships
between the characters of “A Song of Fire and Ice,” showing that not only did the network
have similarities with real-world social networks but that it also helped predict character
deaths and understand plot development dynamics.

Holanda et al. (2018) categorized genres as pure fiction, legendary, and biographical by
analyzing character networks and network-specific measures such as density, clustering
coefficient, degree, betweenness, closeness, and the Lobby index to analyze. Rahul et al.
(2021) used data from a Harry Potter fan fiction community (FanFic.net), which consisted of
820,000 works of fiction written in over 50 languages and 20 genres, to achieve an F1-score
was 80.52% in a genre classification task supported by machine learning. Their findings also
underscored the challenging nature of genre classification based solely on social network
analysis, but also the nuanced reality that a single work might embody multiple genres.

The exploration of character networks and genre classification is not confined to English-
language literature. Hettinger et al. (2015) combined name-entity recognition techniques and
network centrality measures to identify important characters and interactions in German
novels. His work highlights the potential and challenges to genre classification in German
literature. Fan & Li (2022) proposed innovative methods for extracting and analyzing character
relationships in Chinese literature, emphasizing the complexity of character networks,
showcasing the use of metrics like degree distribution and clustering coefficient for literary



analysis. The study highlighted the role of network structures in revealing genre-specific
patterns, suggesting that such analytical approaches could be valuable across linguistic
boundaries. Silva et al. (2023) applied structural network analysis and character importance
metrics to examine the intricate relationships between characters in Portuguese literature.
The study also highlights the challenges of automated text processing in Portuguese due to
linguistic complexities and limited natural language processing (NLP) resources compared to
English. These studies emphasize the intricate relationship between character networks and
literary genre classification. Despite advances in methodology and the application of machine
learning, the multifaceted nature of genres, compounded by subjective labeling and the
inherent diversity of literary styles, continues to pose significant challenges to definitive
classifications.

Finally, despite its importance and application, Moretti (2011) highlights that transforming
plots into networks in literature presents unique challenges. A significant portion of
literature's character actions, interactions, and dialogues are conveyed through narration
rather than direct discourse. This aspect can render network representations less precise,
especially given that direct discourse constitutes only a small segment of the entire plot,
potentially skewing the understanding of narrative dynamics. Labatut and Bost (2020)
emphasize that character networks help in summarization, classification, and role detection,
but these tasks are harder due to the specific properties of fictional works. They provide a
survey on the extraction and analysis of these networks, illustrating the relevance of character
networks through various applications while identifying limitations and promising
perspectives for future research.



3. METHODOLOGY

This section outlines the methodology adopted to analyze the structural differences in
character networks within Portuguese-language literary works across various genres. This
work necessitates a meticulous selection of genres and literary works, which form the
foundational framework for translating textual elements into character networks. These
networks will then be measured using relevant metrics chosen to serve as comparison points
among genres. The processes detailed below aim to capture the unique narrative dynamics
that characterize each genre and highlight their differences.

We start by outline the genres that were chosen for comparison. The focus was on subgenres
of Fictional Narratives to create richer networks and set more coherent expectations for these
subgenres. Sources differ in categorizing the same novels; some novels are labeled with
multiple genres, while others are not categorized at all. To address this challenge and enable
a more robust and distinct comparison, we selected genres where the reader's expectations
are clearly defined. For example, readers anticipate a love story in a romance novel or a crime
to be solved in a mystery novel. This contrasts with genres like adventure and fantasy, which
may have more overlapping themes and less distinct reader expectations (Foster, J. n.d.).

Regarding book selection, the sources for genre tagging included “Projeto Adamastor”? and
the Goodreads* website.

“Projeto Adamastor” is a digital library of public domain Portuguese-language works and it
has been utilized in Silva et al. (2023) research. Each book is tagged with its genre, allowing
for extraction and genre classification for use in this study. This platform is continuously
updated, and it is noteworthy not only for converting texts into digital format but also for its
meticulous review of each available work to minimize errors and adhere to the current
Portuguese Spelling Reform. This is crucial for this study as it provides a base text that is the
least error-prone and thus will produce the most accurate character networks. According to
the “Collaborator Guide for Projeto Adamastor” by Lourenco, R.F. (2014), each collaborator
identifies a genre during the selection and book treatment process, which is then validated by
a peer review involving at least one collaborator not involved in the initial review. They
conduct a comprehensive reading of the file to ensure the quality of the book and the accuracy
of genre tagging.

“Goodreads” is a book-based social website where members share, review, and rate literary
works and connect with other readers (Thelwall & Kousha, 2017). On this platform, genres are
attributed in a manner that considers several factors but remains largely undisclosed to users.
It is known, however, that user influence plays a role due to genre tags reflecting the self-
created names by its community. Shelves are a method for users to organize and group their

3 https://projectoadamastor.org
4 https://www.goodreads.com
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books, often named after genres, such as romance or crime. These names influence genre
assignments for the books, as the genre lists on Goodreads book home pages include up to
ten of the most popular assigned book genres (Thelwall, 2019).

For the book selection within each genre, it was ensured that the book, whether on “Projeto
Adamastor” or among the first five genre tags on Goodreads, was identified with that genre.
Although no genre assignment strategy can perfectly categorize genres and ensure a book fits
only one category, these precautions and methodological approaches were adopted for this
study.

The chosen genres, all within the realm of fiction, in the Portuguese language, including
Brazilian Portuguese, are presented in table 1 with their respective definitions from
Goodreads. This alignment provides a preview of reader expectations and the sample
collected focused on presenting more contemporary books.

Regarding the pre-processing required for the book text before passing it into the pipeline to
extract the networks, only a simple cleanup is needed to remove non-narrative text from the
digital versions of the books. Therefore, to correct this issue, the initial or ending unnecessary
chunks were manually removed from the TXT files of the books.

The pipeline used for this work, TAGGUS (Candrio & Duarte,2024) was specifically designed to
extract character networks from Portuguese novels, addressing and overcoming all the
impediments and constraints associated with the language that have been previously
mentioned. Detailed information about the entire pipeline process and the decisions made
can be found in it’s Github repository®.

Nevertheless, Labatut & Bost (2020), in their widely cited work, outlined the extraction
process, which also served as the foundation for the pipeline's creation and it’s represented
in figure 1.

8:8 ®@®

o EpeTons MODELING
bE . NETWORKS

Figure 1 - Overview of the generic character network extraction methodology

5 https://github.com/ticadu/taggus.
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Table 1 - Chosen Genres and selected books for each

Book
Genre Goodreads definition Author, Book title and year
"Two basic elements comprise every romance Valter Hugo Mde,
novel: a central love story and an emotionally O Filho de Mil Homens” (2011)’
satisfying and optimistic ending." Both the LidiaJorge, “A Costa dos
R ¢ conflict and the climax of the novel should be Murmdrios” (1988)8
omance
directly related to that core theme of developing  \jiguel Sousa Tavares,
a romantic relationship, although the novel can  “rq,a40r” (2003)°
also contain subplots that do not specifically Jo36 Ricardo Pedro. “O teu
relate to the main characters' romantic love Rosto serd o dltimo” (2012) 10
. . Thiago d'Evecque,
Fantasy is a genre that uses magic and other “limbo” (2015) 12
ts::pernaturfl:ll/forms :ts. a pri;nal;y eIerT1ent of pIo”t, Eduardo Spohr, “A batalha do
eme, and/or setting. Fantasy is genera L,
o ] & o v 8 y Apocalipse” (2007) 13
Fantasy!* distinguished from science fiction and horror by
. . Sandra Carvalho,
the expectation that it steers clear of o o
) . “A Ultima Feiticeira” (2005) 14
technological and macabre themes, respectively
[...]. Filipe Faria, “Oblivio” (2011)%
Pedro Garcia Rosado,
The mystery genre is a genre of fiction that “A Cidade do Medo” (2015) */
follows a crime [..] from the moment it is NunoNepomuceno,
Mvstery16 committed to the moment it is solved. Mystery “A Célula Adormecida” (2007) *®
ystery

novels often [...] turn the reader into a detective
trying to figure out the who, what, when, and
how of a particular crime.

6 https://www.goodreads.com/genres/romance

Raphael Montes,

“Dias perfeitos” (2005)*°
Francisco Moita Flores, “O
Bairro da Estrela Polar” (2012)%°

7 https://www.goodreads.com/book/show/12395665-0-filho-de-mil-homens

8 https://www.goodreads.com/book/show/3371637-a-costa-dos-murm-rios

9 https://www.goodreads.com/book/show/1140942.Equador

10 https://www.goodreads.com/book/show/13597497-0-teu-rosto-ser-o-ltimo

11 https://www.goodreads.com/genres/fantasy

Lhttps://www.goodreads.com/book/show/25844730-limbo

Bhttps://goodreads.com/book/show/18299638-a-batalha-do-apocalipse

1https://www.goodreads.com/book/show/6333188-a-Itima-feiticeira

Bhttps://www.goodreads.com/book/show/10474666-obl-vio

16 https://www.goodreads.com/genres/mystery

Thttps://www.goodreads.com/book/show/12742439-a-cidade-do-medo

18https://www.goodreads.com/book/show/32574062-a-c-lula-adormecida

https://www.goodreads.com/book/show/21405408-dias-perfeitos

20 https://www.goodreads.com/book/show/16155430-0-bairro-da-estrela-polar
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The process begins with the preliminary dataset, a single literature work, which is fed into the
model's pipeline. The first step is character identification, divided into two sequential stages.
Initially, all the different character names are identified and stored. However, not every name
represents a unique character, as narratives, like real life, often use various names to refer to
the same character. For example, in the work Project Hail Mary??, Ryland Grace may also be
referred to in the same story as Mr. Grace, representing the same character but by another
expression. Therefore, a co-reference resolution step is employed to unify character
occurrences. The pipeline used in this work takes precautions to ensures accurate unification
by matching gender, nicknames, likelihood of the most popular character, and anaphoric
resolution.

Following character identification, the next step is to detect interactions between characters.
In this work, co-occurrence is used to count interactions. This method decomposes the
narrative into smaller units. These units may vary from project to project, considering two
characters to interact when they appear together in the same unit (Labatut & Bost, 2020).
Although this technique is widely used due to its simplicity and ease of implementation, it has
the disadvantage of potentially labeling simply two characters mentioned in the same unit as
interactions, leading to false positive interaction counts. However, this remains as the most
widespread approach in the literature for this issue (Labatut & Bost, 2020). In this pipeline the
narrative unit chosen to detect interaction was two characters mention in the same sentence.
Finally, after unifying the characters and detecting their interactions, a graph is constructed.

The graph that represents a character network is built with nodes and edges, each having its
own definition. The nodes represent the characters, and the edges represent the relationships
among them. Moreover, these graphs can also incorporate temporal integration, resulting in
either a static network or a dynamic network (Labatut & Bost, 2020).

The static network, which is the approach most commonly presented in the literature,
captures interactions between characters over the entire narrative period. In contrast, the
dynamic network integrates the progression of interactions over time or across different
sections of the story. While the static network allows for a better visualization of the novel, it
does not capture the evolution of characters throughout the narrative (Labatut & Bost, 2020).
For this study, given the goal of understanding and analyzing the global story and the lack of
necessity for temporal dimension analysis, static networks were used.

The simpler element, nodes, can represent individual characters or groups of characters and
also present character characteristics, such as character type (e.g., human, dog, etc.), gender,
race, abilities, etc. Moreover, weighted nodes can give us an idea of the relevance of the
characters throughout the story. On the other hand, the edges represent the interactions and
connections among characters and can contain more information. Interaction intensity can be
shown through weighted nodes. Additionally, the edges can have directions, creating a

21 https://www.goodreads.com/book/show/54493401-project-hail-mary
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directed graph that transmits the speaker/addressee in the interaction. Furthermore,
assigned graph properties can present the interaction polarity that conveys the sentiment of
the interaction/relationship (Labatut & Bost, 2020).

In this work, the static networks will feature weighted nodes, where each node represents a
distinct character. While the nodes are weighted to indicate the relevance of each character,
the edges in our network will be weighted as well, undirected, unsigned, and unattributed. An
example can be seen in figure 2 and a representative network of each genre can be found in
Appendix A as well as its respective adjacency matrix.

Maﬁ\

Alfred Matilde Isaura

Carming S camilo

Antoning Criséstomo

Rodrigues Teresa

Afonse Resinha __Imao

T

Figure 2 - Character Network for "O Filho de Mil Homens"

When comparing character networks, we focused on measurable aspects that could be
translated to narrative significance and analyzed for genre-specific differences. For each
extracted character network, we computed the network size (N) that informs on the number
of nodes of the network, its size. In our context it gives us the number of characters of each
book (Silva et al., 2023; Suen et al., 2013). Silva et al. (2023) analysis showed that the network
size varies little between Portuguese literary works, with an average of nine characters in her
sample. In the case of figure 2 it would be 12 nodes so, 12 characters.

Furthermore, the number of components counts the subset of the vertices of a network that
are connect, this is, that there exists at least one path from each member of that subset to
each other member (Newman, 2010). In the context of character networks, analyzing the
number of components can reveal how fragmented or cohesive the narrative structure is. For

10



example, a high number of components might indicate multiple isolated subplots or character
groups that do not interact, while a low number of components, and especially a single one,
suggests a more integrated and interconnected story.

Next, maximum degree shows the highest number of connections a single character has, this
is the highest degree of any node in the network (Silva et al., 2023; Labatut & Bost, 2020). This
metric helps identify the most central or influential character within the narrative and how
connected it is, providing insights into the structure and dynamics of the character
interactions. Sudhahar & Cristianini (2013) found in their work that the hero of a narrative
always had the highest degree in a network, showing their central position in the narrative. In
figure 2 it’s clear that these would be the number of connections Matilde has, due to being
the most connected character.

In our work, we propose a new metric, “Number of Main Characters” (N2MC) which aims to
count, besides the character with the highest degree, how many other central characters exist.
This is done by counting any other node with a number of interactions ( k;) close to the highest
degree (k;,q.), With a threshold of at least 80% and above a static lower bound of 10
interactions. This metric identifies both central and “secondary” main characters, reflecting
narratives that feature multiple significant characters rather than focusing solely on one. The
lower bound of 10 interactions ensures that characters considered as main have a meaningful
level of engagement in the story. While metrics like maximum degree and single character
centrality (SCC) highlight the most central character, they may overlook other important
characters. The “Number of Main Characters” metric considers characters with substantial
interactions, providing a more comprehensive view of the narrative’s structure and
recognizing the importance of key secondary characters alongside the primary one.

NeMC = Z[ki > 0.8 kypge A g = 10] 1)
i

Still in the topic of connectivity, density measures how closely the characters are connected
in the network. This is possible by calculating the proportion between existing edges (E) in the
network and all possible network connections (Silva et al., 2023; Labatut & Bost, 2020; Dekker
et al., 2019). The possible connections value is the count of pair of nodes that can form an
edge. The density value ranges from 0 to 1, where a value closer to 1 indicates a highly
interconnected network, and a value closer to 0 suggests a sparsely connected network. For
example, Ardanuy & Sporleder (2015) note that in the case of the Harry Potter*? books, the
earlier books are considerably denser than the later ones, as the community represented in
them becomes broader and less tightly knit with every new book. This shows how the density

22 https://www.goodreads.com/series/45175-harry-potter
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metric can reflect difference in the structure and focus of a narrative, in this case in a series.
The equation (2) used to calculate it was retrieved from Bhattacharya et al. (2023).

2E

1= NN=1D

(2)

The average path length measures the average number of steps to achieve the shortest paths
for all possible pairs of nodes in the network (Silva et al., 2023; Labatut & Bost, 2020; Dekker
et al., 2019; Newman, 2010). This metric provides insight into how connected the nodes,
characters, are within the network, reflecting the overall efficiency of information or
interaction flow within the narrative. A lower average path length suggests a close community
where any character can be reached from any other character through a few interactions.
Conversely, a higher average path length indicates a more spread out or fragmented network.
In our study, in the case of when we have a fragmented network, we have in consideration
the average path length of the largest component since it’s the best and fairest metric for that
narrative. The real worlds concept of six degrees of separation, which suggests that any two
people are, on average, six or fewer social connections apart (Milgram, 1967), can illustrate
average path length usage in social networks. The defined equation (3) was retrieved from
Newman (2010) and d;; is the shortest distance between characters i and j.

1
APL = m Z dij (3)

i#j

Now segueing into the centrality measures, which help identify the most important or
influential nodes within the network, the single character centrality (SCC) measure for
individual characters was proposed by Suen et al. (2013) to see how much a story is focused
on a single character. This is achieved by measuring the disparity between the character with
the highest weighted degree (s;) and the second highest, normalized, and understanding the
difference. While maximum degree provides a direct measure of a character’s interactions,
SCC quantifies the dominance or disparity in centrality within the network, indicating how
much the story focuses on one character above all others. The SCC value ranges between 0
and 1, where a value closer to 1 indicates high dominance of a single character, and a value
closer to 0 suggests a more evenly distributed character network
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max;(s;) — next_max;(s;)

SCC =
XiSi

(4)

Also proposed by Suen et al. (2013), single relationship centrality (SRC) measures the
prominence of the most central relationship relative to others in the network. This metric
guantifies how much a single relationship stands out in terms of interactions compared to the
second most significant relationship. It helps identify the most dominant pair of characters,

this is, the edge with more weight w;;, and their influence on the narrative. While single SCC

jr
focuses on the dominance of a single character, single relationship SRC highlights the

importance of a specific interaction between two characters following the same scale logic.

max;;(w;,;) — next_max; ;(w;,)

SRC =
Zi,j Wi j

(5)

The betweenness centrality (BC) measures the extent to which a certain node is on the
shortest paths between other nodes (Hansen et al., 2020; Labatut & Bost, 2020; Suen et al.,
2013; Hettinger et al., 2015). In other words, it helps identify characters who play a “bridge”
role in a network. First, calculate the betweenness centrality for each node by counting the
number of times it lies on the shortest path between other nodes (g, (i)). Then, add up all
the betweenness centrality values for the nodes in the network. Next, normalize each value
by dividing it by the maximum possible value for any node in the network, ensuring all values
fall between 0 and 1. Finally, compute the average betweenness centrality by dividing the
total sum of the normalized values by the number of nodes in the network. By averaging it for
the whole network, average betweenness centrality (ABC), we can capture the overall
importance of intermediary nodes within the entire network. A value of O for average
betweenness centrality means that, on average, nodes do not act as intermediaries; this could
be due to a completely disconnected network or one where all the shortest paths are direct.
In contrast, a high positive value means that many characters play a critical role in facilitating
interactions or the flow of information between nodes.

N
1 2 o (1)
ABC_ﬁ;(N—l)*(N—Z) Z Ost (6)

S#EIF]

The degree assortativity measures how correlated the degrees of connected vertices are, in
other words, it measures the tendency of nodes to connect to similar nodes with respect to
their degree (Silva et al., 2023; Labatut & Bost, 2020). This metric helps characterize the
relationship between primary and minor characters. Being a coefficient, assortativity is
calculated as the ratio of covariance to variance. To calculate the covariance, we look at the
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connections, degree k, of every node and then determine the joint degree distribution, e;y,.
This joint degree distribution indicates how often nodes with a certain degree k are connected
to nodes with degree j. In simpler terms, it measures the frequency of edges existing between
nodes of different degrees. Then, this covariance is divided by the variance of the degree

distribution, 02 = ¥, k2q, — [X k2qi]’. The result takes a value between 1, assortative,
where nodes with similar degrees tend to connect with each other, and -1, disassortative,
where nodes with differing degrees tend to connect, or 0 (neutral) in the case of non-
correlation (Bhattacharya et al., 2023). In Silva et al. (2023), the networks were generally
disassortative, reflecting the diversity of social interactions in the analysed works much like in
real-world networks. The used formula was collected from Massey (2016).

_ ij(ejk - CIjCIk)

2
0q

(8)

Lastly, the average clustering coefficient (ACC) measures the degree to which nodes in a
network tend to cluster together, providing insight into the overall tendency of characters to
form cohesive and closed groups (Newman, 2010; Suen et al., 2013; Ardanuy et al., 2015;
Dekker et al., 2019; Labatut & Bost, 2020). This metric is calculated as the average of the local
clustering coefficients of all nodes in the network. The local clustering coefficient is the
probability, when randomly picking two neighbors of a node, k;, that there is an edge between
them m; (Labatut & Bost, 2020) then averaging it by the number of nodes N. The ACC is useful
for understanding the general clustering tendency across all nodes in the network. A higher
ACC indicates a greater likelihood of strong community structures within the narrative. Dekker
et al. (2019) provide a comparative analysis of clustering coefficients in social networks from
novels and various well-known networks such as youtube and Flickr, demonstrating similar
variation patterns across different network types. The used formula was collected from
Massey (2016).

N
1
:NZk(k—n ©)

The measures were calculated individually for each novel using Python with the NetworkX
package 2% and then averaged by genre.

Moreover, a Principal Component Analysis (PCA) was conducted with the metrics. PCA is a
multivariate technique that extracts the most important information from the data by

23 https://networkx.org
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reducing its dimensionality thought the creation of new variables that are linear combinations
of the original variables. This process simplifies the dataset and allows for an analysis of its
structure (Abdi & Williams, 2010). The goal is to understand the key metrics that distinguish

genres while also have a visual representations of their grouping.
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4. RESULTS AND DISCUSSION

In this section, we discuss the results of our comparative analysis between literary character
networks from different genres using graph measures. Since our research also aims to draw
parallels between these networks and real-life networks, existing datasets available on
popular websites, such as the Network Repository?4, were added to analysis with the book
presented before. The networks chosen for inclusion in this work had to provide a meaningful
comparison to the literary character networks, representing various types of social
interactions with a comparable number of nodes, interaction contexts, and settings for the
interactions.

The real-life networks added to our analysis include Zachary's karate club?, which was
extracted from a university-based karate club and collected over three years from activities in
which club members attended, such as lessons and other social events (Zachary, 1977).
Additionally, we included the Moreno High School dataset?®, which contains friendships
between boys in a small high school in lllinois, and a contact network from a village in rural
Malawi, collected through proximity sensors technology that measured social contacts (Ozella
et al., 2021). The results for the graph comparison measures presented in the previous section
were obtained from the analysis for each genre and real-life and are shown in table 2, with
the standard deviation presented in parentheses below each value.

Starting with Fantasy, this genre distinguishes itself by having a single main character and the
highest value for single character centrality, with both metrics showing low to no standard
deviation. Fantasy also has a high maximum degree, although with significant standard
deviations, highlighting a focus on a prominent central hero who interacts with many other
characters. An infinite value in the average path length indicates that in at least one novel,
there are characters who are disconnected and isolated. However, the average path length of
its largest component is lower than other genres and real life, making this genre the one with
the most complete connectivity within its main group. The low average betweenness
centrality suggests a lesser reliance on intermediary characters reinforcing the focus on a main
character. Moreover, Fantasy presents the lowest values for density and clustering coefficient
among the genres, indicating a lower level of interconnectedness and a lesser tendency for its
characters to form tightly knit groups compared to Mystery and Romance. These structural
features align with the narrative expectation of a Fantasy novel, which often centers around
a hero's journey interacting with a few key characters along the way.

24 https://networkrepository.com
25 https://networkrepository.com/karate.php
26 https://networkrepository.com/moreno-highschool.php
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Table 2 - Averaged network metrics by genre (with standard deviations)

Real-life
Metric\ G Fant Myst R
etric \ Genre antasy ystery omance networks
Network Size 42 30 38 63
(16.10) (14.38) (25.88) (26.63)
1.25 1.0 1.5 1.3
Components
(0.05) (00.00) (00.58) (00.58)
. 0.1994 0.2279 0.2096 0.1158
Density
(0.08) (0.12) (0.14) (0.02)
. -0.2762 -0.2869 -0.1727 -0.1188
Assortativity
(0.07) (0.11) (0.09) (0.91)
. 263 127 108 32.7
Maximum Degree
(190.91) (34.90) (111.72) (14.57)
Single Character 0.0786 0.0409 0.0689 0.0092
Centrality (0.04) (0.02) (0.07) (0.00)
Single Relationship 0.0338 0.0665 0.0096 0.0018
Centrality (0.05) (0.10) (0.01) (0.00)
Number of Main 1.0 1.5 1.5 1.6
Characters (0.00) (0.58) (0.58) (0.58)
Average Path Length inf 3.3194 inf inf
(NaN) (0.25) (NaN) (NaN)
APL of largest 2.9622 3.3194 3.1008 3.6695
Component (0.26) (0.51) (0.45) (1.81)
Average Betweenness 0.0456 0.0655 0.0644 0.0307
Centrality (0.02) (0.02) (0.04) (0.02)
et T Cocf i 0.0447 0.0497 0.0623 0.4111
(0.02) (0.01) (0.03) (0.15)

Regarding the Mystery genre, its networks are moderately sized yet still smaller than those of
other genres, while simultaneously being denser. The longer average path lengths suggest
that characters are more disconnected and spread out but, unlike the other genres and real-
life, they form a connected network having a single component. This level of connectedness
is complemented by a high average betweenness centrality, indicating the presence of
bridging characters. The number of main characters is above one, which indicates that in some
of the novels the focus is not on a single character. Furthermore, this genre has the highest
single relationship centrality among all genres, suggesting that specific relationships between
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characters are particularly significant in these stories. Additionally, the clustering coefficient
indicates fewer tightly knit groups within the networks. These structural features align with
the narrative expectations of Mystery novels, which often revolve around complex plots and
intricate character interactions.

Onto the Romance genre, these novels present large and variable network sizes, indicating a
wide range of character networks from small to very large. These networks have moderate
density and the least assortativity, which means there is a tendency for characters to connect
with dissimilar others. Its level of assortativity is closest to that in real-world networks,
suggesting it better represents societal interaction patterns. The Romance genre also shows
the lowest maximum degree, indicating that characters are not as highly connected. The
infinite average path length in two novels indicates isolated characters, making the network
disconnected. Despite this, it has a high clustering coefficient, indicating the presence of close-
knit groups. These characteristics, such as low assortativity, high clustering, and the presence
of isolated characters, reflect the diverse and intricate subplots in Romance narratives.
Moreover, the low single relationship centrality suggests a focus on multiple relationships
rather than highlighting a single one, showcasing the diversity of character dynamics in this
genre.

In the real-life networks, it’s important to highlight the low values of Single Character
Centrality and Single Relationship Centrality, since these are real-life networks where each
person it’s living their singular life in parallel rather than novels that specifically focus on a
main character or several for the readers enjoyment. Regardless, the number of main
characters still identifies that there is often a person with the highest degree not closely
followed by others, highlighting the reality of a more "popular" person within each universe
that is more connect to the rest.

In summary, by averaging the metrics for each genre, we can see that they exhibit distinct
structural features in their character networks, even though the differences are not extremely
pronounced. Fantasy novels often center around a single, highly central hero, with lower
density and the lowest clustering coefficients, indicating a focus on central characters with
less interconnected groups. Mystery novels have smaller but still moderately sized, denser
networks that highlight significant relationships between specific characters and the presence
of bridging characters, maintaining connectivity despite longer average path lengths.
Romance novels display the most varied networks, with moderate density and the most
assortativity, often including highly connected characters but sometimes isolated ones. This
can lead to a disconnected network where the connected parts are dense and connect to
nodes with the same degree, reflecting the degree diversity and complexity of relationships
in Romance narratives.

Going forwards in the results, PCA was conducted to reduce the dimensionality of the dataset
composed of the network metrics for each novel and to identify the main components that
explain the variance in the network metrics. Based on tests, to simplify the analysis, reduce
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redundancy, and focus on broader structural properties of the character networks, we
removed “Single Character Centrality” and “Single Relationship Centrality” for the PCA. The
values of Average Path Lenth were also excluded due to its infinite results and were instead
only used the Average Path Lenth for the largest component. The model loadings were trained
exclusively on the novels and then the scores for the real-life networks were separately
calculated and then the points added to the graph.
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Figure 3 - Variance explained by each principal component and cumulative variance

Figure 3 presents the variance of the dataset explained by each principal component and the
cumulative amount of variance in red. Two principal components were chosen to be analyzed
because they each have an eigenvalue above 1 and together explain about 70% of the
variance, with each PC explaining 43.12% and 26.12% of the variance, respectively. This total
variance explained by the two principal components, represents a significant amount of the
total variance, indicating that the selected principal components effectively capture the main
structural differences in the character networks. The loadings, this is the correlation between
a principal component and a variable, estimates the information they share understanding the
contributions of each original network metric to each principal component. The loadings for
each metric can be found in Table 3.

The first principal component (PC1) is distinguished by positive loadings for network size,
number of components, maximum degree, and assortativity, but negative loadings for
density, betweenness centrality, number of main characters, and clustering coefficient. This
principal component, therefore, represents the contrast between large, sparse networks with
few bridging characters and, in contrast, denser, smaller networks with many key connectors
and cohesive subgroups. High PC1 values suggest networks with a larger number of
components and higher maximum degree, indicating expansive and segmented networks. The
a low value for PC1l suggest networks that are less interconnected and rely less on
intermediary characters, indicating fewer tightly knit groups and therefore focus on character
work rather than individual relationships. So, PC1 reflects the trade-off between overall
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network size and its connectivity, focusing on relationships between characters in a more
expansive context. We called this component: “Network Size and Segmentation”.

Table 3 - Loading of each principal component

Index PC1 PC2

Network Size 0.9851 -0.0282

Number of Components 0.6693 0.4388

Density -0.7916 -0.4446

Assortativity 0.3853 0.6802

Maximum Degree 0.4324 -0.7840

Number of Main Characters -0.3648 0.4413
Average Path Length of Largest

Component 0.0257 0.7211

Average Betweenness Centrality -0.9325 0.1346

Clustering Coefficient -0.7048 0.3874

The second principal component (PC2) is characterized by high positive loadings for
assortativity, number of main characters, average path length, but negative loadings for
density and maximum degree. This component captures the structure of the network
regarding character similarity and interconnectedness. High PC2 values indicate networks
with more central characters, higher assortativity, and longer average paths, suggesting that
characters are more spread out within the network but form cohesive subgroups interacting
with characters that have the same degree. The positive loading for clustering coefficient
supports this, indicating the presence of tightly knit groups. Conversely, negative loadings for
maximum degree suggest fewer highly connected nodes and more spread networks.
Therefore, PC2 differentiates networks with high assortativity and multiple main characters
from those without, capturing the emphasis on main characters and their interconnections.
We called this component: “Character Interconnectedness and Similarity” showcasing more a
focus towards relationship building rather than character building represented in the other
component.

The PCA scores for each novel and real-life network are the int table 4 and the first two
Principal Components in a 2D Graph can be seen in figure 4.

20



Character Interconnectedness and Similarity

|
"
i

-2 4

Table 4 - PCA scores for each novel

Genre Novel PC1 PC2
Limbo -0,7719  -0,2038
Oblivio 1,6866 -2,7632
Fantasy
A Batalha do Apocalipse 2,5381 0,6300
A Ultima feiticeira -0,4358  -1,6043
A Célula Adormecida 0,9881 0,9814
O bairro da Estrela Polar -0,7824  -0,3656
Mystery
A Cidade do Medo -0,2709 0,2707
Dias perfeitos -2,7239  -0,5932
O Filho de Mil Homens -3,2480 -0,2761
O teu rosto sera o ultimo 0,6148 3,4162
Romance
Equador 3,4064 -0,6993
A Costa dos Murmurios -1,0011 1,2071
Zachary's karate club -1.3885  -0.9743
Real-life Moreno Highschool 0.1578 0.0844
Malawi’s village 1.2307 0.8898
Romance
O teu rosto sera o ultimo Mystery
® Ffantasy
X Real-life

O Filho de Mil Homens

A Costa dos Murmurios

A Celula Adormecida
X Malawi Village

A Cidade do Medo
X Moreno Highschool

@ umbo
O bairro da Estrela Polar

Dias perfeitos

X Karate Club

@ A ultima feiticeira

© Oblivio

oA Batalha do Apocalipse

Equadoi

-2 -1 0 1
Network Size and Segmentation

Figure 4 - Novels PC scores represented in 2D for 2 PC
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Analyzing the results, it's clear that although each genre generally gravitates together, each
genre has no clear and defined group within the PCA results, indicating diversity in narrative
structures within every genre under study. This also means that while the genres naturally
distinguish themselves by grouping together novels of the same category, they do not clearly
separate from those of different genres, indicating differences but not complete separation.
In fact, Mystery presents itself as a bridge having its cloud of novels located between Fantasy
and Romance, as these last two are more separated. This could imply that the Mystery genre,
despite the thematic differences, employs similar narrative strategies in terms of character
networks as the other two genres.

Fantasy novels mostly present negative values of “Character Interconnectedness and
Similarity” and have more prominent positive values than moderate negatives of “Network
Size and Segmentation.” This translates into diverse structural features but a tendency to
achieve networks that are more interconnected with fewer main characters interacting with
a more diverse set of characters. Regarding network size its balanced, while some focus on
larger, more segmented networks with many main characters, others lean towards smaller,
denser networks, evidenced by the volatility in scores of “Network Size and Segmentation.”
This suggests that this genre is more consensually focused on the creation of character work
rather than relationships.

Mystery novels gravitate towards the center of the axis, with most novels showcasing
moderate results on both PCs, bridging both Romance and Fantasy. This indicates a balance
in the attention towards character work as well as relationships. The central positioning on
the PCA plot suggests that Mystery novels maintain a moderate network size and density, with
a balanced number of main characters and intermediary connecting characters. This balance
is crucial for the genre, as it often involves intricate plots that require a network structure that
supports both the development of individual characters and the relationships between them.

The Romance novels present the highest values of “Character Interconnectedness and
Similarity”. This means that Romance novels focus on creating networks with multiple central
characters, higher assortativity, and disconnected characters with a high average path length,
indicating an emphasis on character relationships and interactions. Each Romance novel
seems to have its unique value for “Network Size and Segmentation”, ranging the whole scale
indicating a wide variability in network size and density. This variability, along with the
presence of both highly connected and isolated characters, reflects the complexity and
diversity of relationships typically explored in Romance narratives. This structure supports the
genre's exploration of various subplots, providing a rich tapestry of character interactions.

In conclusion, the PCA analysis reveals that while each genre exhibits distinct structural
characteristics, being Romance and Fantasy the most different in terms of their character
network structures. Romance novels focus on creating intricate, interconnected networks
with multiple central characters, while Fantasy novels are more variable, ranging from highly
interconnected networks to larger, more segmented ones. Mystery novels, acting as a bridge
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and a compromise of the structure of Romance and Fantasy, showing balanced network
structures that closely mimic real-life social networks.
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5. CONCLUSIONS AND FUTURE WORKS

Genre provides an important frame of reference that helps readers identify, select, and
interpret texts (Chandler, 1997). This work explored the structural differences among genres
in Portuguese texts through their character networks. By combining averaged network
metrics, Principal Component Analysis (PCA) and the inclusion of real-life networks, we can
draw comprehensive conclusions about how these genres differ and relate to one another.

The averaged network metrics highlight some structural features within each genre. Fantasy
novels are characterized by a single, highly central hero with high maximum degree and
moderate levels of density and clustering, indicating a balanced interconnectedness. Mystery
novels feature moderately sized, denser networks that highlight significant relationships
between characters and the presence of bridging characters, maintaining connectivity.
Romance novels display the most variable networks, with moderate density and high
maximum degree, but also show tendencies for isolated characters, leading to disconnected
networks. Lastly, real-life networks do not present any centrality on a particular character nor
in a relationship.

The Principal Component Analysis results support these findings by showing no clear
clustering of genres, suggesting that structural differences in character networks are not
strongly tied to genre. The disperse in the PCA results within each genre, indicates diversity in
narrative structures. While the genres naturally distinguish themselves by grouping together
novels of the same category, they do not clearly separate from those of different genres,
indicating differences but not complete separation. Fantasy novels show diverse structural
features but tend to achieve networks that are more interconnected with fewer main
characters interacting with a more diverse set of characters. Most Mystery novels showcase a
moderate balance between character and relationship building, while Romance emphasizes
relationship building within its narrative dynamics. Mystery presents itself as a bridge
between Fantasy and Romance, suggesting that despite thematic differences, similar narrative
strategies are employed in terms of character networks from both genres. The real-life
networks stand near each other and near the literary networks sharing common structural
characteristics while also exhibiting unique features that reflect their distinct contexts, being
this group most similar to Mystery.

Our conclusion is that the similarities within genres and differences between genres are not
prominent in graph-specific measures, even though each genre exhibits unique structural
characteristics. Fantasy novels are characterized by a focus on a central hero and less
interconnected groups, aligning with their narrative emphasis on individual journeys and less
relationship building overall. Mystery novels exhibit moderately sized, denser networks with
key bridging characters and a balance between relationships and character development,
reflecting their intricate plots and are the most similar to real-life networks. Romance novels
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display the largest and most variable networks, having more than one central character and
cohesive subgroups, indicative of their focus on diverse and intricate relationships.

These findings provide valuable insights into the narrative styles of Portuguese-language
literature, showing how each genre employs distinct network structures to support their
unique storytelling approaches. The lack of pronounced differences could be expected since,
as Thelwall & Kousha (2017) point out, genre is a concept that readers, writers, and publishers
may interpret uniquely. Booksellers may invent new genres to market books, libraries may
categorize books in certain ways to attract readers, and genre types and typical structures can
vary immensely in topics and internationally.

In interpreting the findings of this study, it is important to consider the limitations associated
with the data and methodology. Firstly, all the interpretations relate to the pipeline and its
existing limitations, such as the inability to process stories with multiple points of view and
some degree of imprecision in the co-occurrence detection, which is not fully robust to non-
Portuguese names. Furthermore, one significant concern is the use of averages to describe
network metrics for each genre. While averages provide a useful summary, they can
sometimes obscure important variations and nuances within individual works, this is avoided
by completing the information with the standard deviation. Another limitation, this related to
the data, is the underdevelopment of Portuguese themes in genres such as fantasy or other
as SiFi that could be studied, with ebook versions that would allow for a larger dataset. In fact,
all the small sample sizes could lead to results that are less reliable and harder to generalize
to the entire genre. Future research should aim to include a larger and more diverse sample
of novels to validate these findings.
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APPENDIX A
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Figure 5 - Character Network for "A Costa dos Murmurios"

Genre: Romance
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Table 5 - Adjacency Matrix for "A Costa dos Murmdurios"

Genre: Romance

Comandante | Africa | Evita Jaime Hel?lna SteII.a Gerente | Luis Alex
Leal Trdia Maris
Comandante 0 1 4 2 1 0 1 1
Africa 1 0 3 1 0 0 0 1
Evita 4 3 0 1 11 1 0 1
Jaime Leal 2 1 1 0 12 2 0 2
Helena Tréia 1 0 11 12 0 4 0 0
Stella Maris 0 0 1 2 4 0 1 1
Gerente 1 0 0 0 0 1 0 0
Luis Alex 1 1 1 2 0 1 0 0
Eva Lopo 1 1 7 0 2 3 0 0
General 2 3 1 2 3 4 1 0
Ronaldo 0 0 1 0 0 0 0 0
Bernardo n 0 0 1 0 0 1 0 0
Helena 0 0 0 0 0 0 0 0
Gois 0 0 1 0 0 1 0 0
Pedro Deus 0 0 0 0 0 0 0 0
Fernandes 0 0 0 0 1 1 0 0
Mateus Rosé 0 0 0 0 3 0 0 0
Addo Altas 0 1 1 0 0 0 0 0
Helena Troia 0 0 0 0 0 1 0 1
Zurique 0 0 0 0 0 4 1 0
Theo
Spinarolis 0 0 0 0 0 0 0 0
Mesdames 0 0 0 0 0 0 3 0
T, Cavalaria 0 0 0 1 0 1 0 0
Escuta 0 0 0 0 0 0 0 0
Alvaro Sabino 0 1 0 0 0 0 0 0
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Figure 6 - Character Network for "A Cidade do Medo"

Genre: Mystery
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Table 6 - Adjacency Matrix for "A Cidade do Medo"
Genre: Mystery

William Guilherme Afonso Joel L
Alberto | Estrela Barradas | Direito
Alenquer Vau Soares Franco
William
0 1 0 0 0 8 0 5
Alenquer
Guilherme
1 0 0 0 4 5 0 0
Vau
Alberto 0 0 0 0
Estrela 0 0 1 0 1 2 1 0
Afonso
0 4 0 1 0 1 24 0
Soares
Joel Franco 8 5 0 2 1 0 34 4
Barradas 0 0 0 1 24 34 0 1
Direito 5 0 0 0 0 1 0
Joao Deus 0 0 0 1 0 0 0
Jaime Paixao 0 1 0 1 0 19 1 1
Amélia 0 0 0 0 0 20 0 0
Alice 0 0 0 0 0 13 0 1
Domingos
) 0 0 0 1 0 0 0 0
Sequeira
Jodo Pessoa 1 0 0 0 0 0 0 0
Nicolau 1 0 0 3 1 0 1 0
Eunice TVN 2 0 0 0 0 2 0 0
Ana Paula 0 1 0 0 0 0 0 0
Humberto 3 0 0 0 0 0 0 0
Bernardino
. 9 33 0 0 15 20 1 1
Reis
Sebastido
0 0 0 0 0 0 0 0
Carvalho
Inés
. 0 0 0 0 0 10 0 0
Albergaria
Northrope 4 13
Londres 4 0
Antdnio
10 17 0 1 4 9 1 1
Monsanto
Conceigao
L 4 2 0 0 0 4 0 0
Bonifacio
Marlene 3 0 0 0 0 0 0 1
Jorge 0 0 0 0 0 0 1 0
Golden
0 3 0 0 0 0 0 0
Investments
Anibal 0
Anton Grisak 0
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Jodo Jaime . . Domingos Jodo . Eunice
. Amélia Alice ) Nicolau
Deus Paixao Sequeira Pessoa TVN
William
0 0 0 0 0 1 1 2
Alenquer
Guilherme
0 1 0 0 0 0 0 0
Vau
Alberto 0 0 0 0 0 0 0 0
Estrela 1 1 0 0 1 0 3 0
Afonso Soares 0 0 0 0 0 0 1 0
Joel Franco 0 19 20 13 0 0 0 2
Barradas 0 1 0 0 0 0 1 0
Direito 0 1 0 1 0 0 0 0
Jodo Deus 0 0 0 0 0 0 0 0
Jaime Paixao 0 0 5 0 0 0 0 0
Amélia 0 5 0 8 0 0 0 0
Alice 0 0 8 0 0 0 0 0
Domingos
. 0 0 0 0 0 0 0 0
Sequeira
Jodo Pessoa 0 0 0 0 0 0 0 0
Nicolau 0 0 0 0 0 0 0 1
Eunice TVN 0 0 0 0 0 0 1 0
Ana Paula 0 0 0 0 3 0 0 0
Humberto 0 0 0 0 0 0 0 0
Bernardino
. 0 3 0 0 0 0 0 3
Reis
Sebastidao
0 0 0 0 0 0 0 1
Carvalho
Inés
. 0 0 0 0 0 0 0 0
Albergaria
Northrope 0 0 0 0 0 0 0 0
Londres 0 0 0 0 0 0 0 0
Antonio
0 0 0 0 0 0 0 3
Monsanto
Concei¢ao
o 0 0 0 1 0 0 0 0
Bonifacio
Marlene 0 0 0 0 0
Jorge 0 0 0 0 0
Golden
0 0 0 0 0 0 0 0
Investments
Anibal 0 0 0 0 0
Anton Grisak 0 0 0 0 0 0 0 0
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Bernardin Sebastido Inés
Ana Paula | Humberto . . Northrope Londres
o Reis Carvalho Albergaria
William
0 3 9 0 0 4 3
Alenquer
Guilherme
1 0 33 0 0 13 4
Vau
Alberto 0 0 0 0 0 0 0
Estrela 0 0 0 0 0 0 0
Afonso
0 0 15 0 0 0 0
Soares
Joel Franco 0 0 20 0 10 1 0
Barradas 0 0 1 0 0 0 0
Direito 0 0 1 0 0 0 0
Joao Deus 0 0 0 0 0 0 0
Jaime Paixao 0 0 3 0 0 0 0
Amélia 0 0 0 0 0 0 0
Alice 0 0 0 0 0 0 0
Domingos
) 3 0 0 0 0 0 0
Sequeira
Jodo Pessoa 0 0 0 0 0 0 0
Nicolau 0 0 0 0 0 0 0
Eunice TVN 0 0 3 1 0 0 0
Ana Paula 0 0 0 0 0 0 0
Humberto 0 0 0 0 0 0 0
Bernardino
. 0 0 0 0 1 3 0
Reis
Sebastido
0 0 0 0 0 0 0
Carvalho
Inés
. 0 0 1 0 0 0 0
Albergaria
Northrope 0 0 0 0 0 6
Londres 0 0 0 0 0 0
Antdnio
0 0 12 0 1 3 1
Monsanto
Conceigao
. 0 0 0 0 0 0 0
Bonifacio
Marlene 0 0 0 0 0 0 0
Jorge 0 0 0 0 0
Golden
0 0 1 0 0 5 3
Investments
Anibal 0 0 1 0 0 0 0
Anton Grisak 0 0 0 0 0 1 0
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Antdnio Conceigdo Golden i Anton
. Marlene Jorge Anibal .
Monsanto Bonifacio Investments Grisak
William
10 4 3 0 0 0 0
Alenquer
Guilherme
17 2 0 0 3 0 1
Vau
Alberto 0 0 0 0 0 0 0
Estrela 1 0 0 0 0 0 0
Afonso Soares 4 0 0 0 0 0 0
Joel Franco 9 4 0 0 0 1 0
Barradas 1 0 0 1 0 0 0
Direito 1 0 1 0 0 0 0
Jodo Deus 0 0 0 0 0 0 0
Jaime Paixao 0 0 0 0 0 0 0
Amélia 0 0 0 0 0 0 0
Alice 0 1 0 0 0 0 0
Domingos
) 0 0 0 0 0 0 0
Sequeira
Jodo Pessoa 0 0 0 0 0 0 0
Nicolau 0 0 0 0 0 0 0
Eunice TVN 3 0 0 0 0 0 0
Ana Paula 0 0 0 0 0 0 0
Humberto 0 0 0 0 0 0 0
Bernardino
) 12 0 0 0 1 1 0
Reis
Sebastido
0 0 0 0 0 0 0
Carvalho
Inés
) 1 0 0 0 0 0 0
Albergaria
Northrope 3 0 0 5 1
Londres 1 0 0 0 3 0 0
Antdnio
0 2 0 0 0 0 1
Monsanto
Conceigao
es s 2 0 0 0 0 0 0
Bonifacio
Marlene 0 0 0 0 0
Jorge 0 0 0 0 0 0 0
Golden
0 0 0 0 0 0 0
Investments
Anibal 0 0 0 0 0 0 0
Anton Grisak 1 0 0 0 0 0 0
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Figure 7 - Character Network for "Limbo"

Genre: Fantasy
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Table 7 - Adjacency Matrix for "Limbo"

Genre: Fantasy

Verdade | Lilith | Azazel | Rafae | Carlos | Tomoe | Marsilio | Olivier l\c/lzrgl:f) Durandal
Verdade 0 0 0 0 0 0 0 0 0
Lilith 1 0 12 0 23 1 0 1 1 0
Azazel 0 12 0 2 1 0 0 0 0 0
Rafael 0 0 2 0 0 0 0 0 0 0
Carlos 0 23 1 0 0 1 0 0 0 1
Tomoe 0 1 0 0 1 0 0 0 0 0
Marsilio 0 0 0 0 0 0 0 1 0 0
Olivier 0 1 0 0 0 0 1 0 1 0
Carlos 0 1 0 0 0 0 0 1 0 0
Magno
Durandal 0 0 0 1 0 0 0 0 0
Musa 0 1 0 0 0 0 0 0 0 0
Musas
Finn 0 0 0 0 3 0 0 0 0 0
Cumhail
Ex- 1 1 0 0 0 0 0 0 0 0
General
Professor 0 1 0 0 1
Henrique 0 1 0 0 2
Xiangu
Tio 0 1 0 0 0 0 0 0 0 0
Adolesce 1 0 0 0 0 0 0 0 0
nte
Ancido 0 0 0 0 0 0 0 0 0 0
Odin 0 1 0 0 0 0 0 0 0 0
Thor 0 0 0 0 0 0 0 0 0 0
Miguel 0 0 1 1 0 0 0 0 0 0
Eleos 0 5 0 0 2 0 0 0 0 0
Artur 0 3 0 0 1 0 0 0 0 0
Samael 0 1 0 0 1 0 0 0 0 0
Gabriel 0 4 0 1 0 0 0 0 0 0
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