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ABSTRACT
The field of narratology has long worked on different ways to clas-
sify characters according to their narrative role and importance;
meanwhile, studies on character design have observed the existence
of unclear patterns that correlate specific visual features and those
narrative classifications. Therefore, it becomes worth considering
if modern image classification methods can be used to not only
achieve satisfactory performance on this task, but also help us learn
about the patterns that shape it. The task of classifying characters
carries a vast array of practical uses, such as creating recommender
systems based on specific visual-narrative correlations, automatic
annotation for media preservation, adaptive interactive storytelling
based on how a character is perceived, and the creation of education
tools on how those patterns change depending on culture. In this
work, we construct a dataset customized to assessing both perfor-
mance and visual–narrative correlations within a specific medium,
conduct an anonymous survey to evaluate human performance and
tendencies, and compare the results with those of a traditional CNN
classifier and a Foundation Model–augmented approach. Both mod-
els outperform the survey participants, with the latter achieving
76.93% accuracy, 18.11% higher than human performance, while
also providing insights into the visual cues most closely tied to the
given narrative roles.

KEYWORDS
Image Classification, Deep Learning, Anime Characters, Narratol-
ogy, Foundation Model

1 INTRODUCTION
Classifying characters based on their visual appearance is a task
with far-reaching implications in areas such as media analysis,
entertainment, human–computer interaction, and digital content
management. In streaming platforms, for example, automated char-
acter recognition can enable advanced search and recommendation
systems that identify recurring characters across series or fran-
chises, even when portrayed in different artistic styles, as well as
facilitating archiving and media restoration in animation by speed-
ing up indexing and retrieval in large-scale visual archives [17]. In
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the gaming industry, adaptive storytelling systems could adjust dia-
logue, difficulty, or narrative progression based on how non-player
characters perceive the player character [32]. Beyond entertain-
ment, such models could also serve as educational tools that teach
narrative structure or as a basis for sociocultural studies analyz-
ing how character visual design reflects and influences audience
perceptions across cultures [24].

In narrative media, a character’s visual design is deliberately
crafted to convey personality traits, social roles, and narrative im-
portance, subtly guiding audience expectations [5, 6]. However,
these cues are rarely explicit and can vary significantly across
cultural contexts, artistic conventions, and individual interpreta-
tions, making classification inherently challenging [25]. Unlike
traditional image classification tasks—such as those exemplified
by ImageNet [7]—the differences between categories in character
classification are often subtle, with minor inter-class variations and
substantial intra-class variability. This requires both humans and
machine learning models to interpret ambiguous and sometimes
misleading patterns, a challenge amplified when distinctions con-
cern abstract narrative roles, such as differentiating a protagonist
from a supporting character. Addressing this challenge not only
advances computer vision applied to narrative media but also deep-
ens our understanding of how visual cues influence perception and
decision-making in broader contexts.

Tasks where visual cues are subtle or non-discriminative remain
underexplored in the literature, creating a gap in our understanding
of model performance under such constraints. While traditional
architectures, such as Convolutional Neural Networks (CNNs)[1],
have been widely used, the emergence of visual foundation models,
including CLIP[29] and DINOv2 [26], offers new opportunities in
this domain. These models are trained on massive and diverse
datasets, capturing generalizable visual representations that can be
adapted to niche tasks with limited labeled data. Their ability to use
both global semantic information and fine-grained visual details
makes them promising candidates for classification scenarios where
the visual distinctions are subtle and context-dependent, as is the
case in determining narrative importance.

To address this gap, this paper focuses on a specific and challeng-
ing instance of subtle-pattern classification: predicting the narrative
importance of a character solely from its visual appearance. In nar-
rative theory, a character’s role is often tied to their influence on
the storyline [2, 28, 34]. Prior research shows that visual design
strongly influences audience expectations [5, 6], with specific de-
sign traits correlating with particular narrative roles [15]. As Rogers
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et al. [15] note, while individual interpretations may vary, there
tends to be consensus regarding a character’s perceived narrative
status based on visual design, suggesting a learnable mapping be-
tween appearance and role.

The objectives of this work are therefore twofold: (1) Evalu-
ate and compare the performance of CNN-based classifiers and
visual foundation models in predicting whether a character is a
main or supporting figure based solely on imagery; and (2) Identify
visual patterns in character design that correlate with narrative
importance, offering insights into both the specific problem and
the broader challenge of subtle-pattern image classification.

To this end, we propose and release a dataset of anime charac-
ters, chosen for their visual consistency, stylized traits [24], and
relative simplicity compared to photorealistic imagery. We estab-
lish a human performance baseline via an anonymous survey and
compare it with CNN and foundation model baselines, analyzing
the strengths and weaknesses of each.

The remainder of this paper is organized as follows: Section 2
reviews relevant literature in image classification, narrative theory,
and foundation model applications. Section 3 presents the dataset
creation process and the models used. Section 4 describes the ex-
perimental setup and compares results across methods. Finally,
Section 5 discusses the implications of our findings, their relevance
to the broader problem of subtle-pattern classification, and potential
avenues for future work.

2 RELATEDWORK
This section reviews previous work related to image classification
involving ambiguous patterns, with a particular focus on the spe-
cific case of classifying narrative importance.

There were a few other works correlating character design and
narrative role in narratology, and CNNs [1] have seen extensive
study in the past decade. There have also been studies on character
generation [13]. We could not find any research combining the
ideas of character design and narrative role in the context of deep
learning-based classification and data study, so we first had to
approach each topic independently.

2.1 Image Classification
Gomes et al. [9] have demonstrated how attention features extracted
from self-supervised foundation models can be combined with
traditional residual networks to achieve greater performance in
tasks involving human image classification. This raises the question
of whether that approach could also be applied to a task where the
different classes are more subtle and ambiguous. No prior research
was found that combines character design and narrative role within
deep learning-based classification and data analysis, so we relied
on foundational works from each respective field.

We have also seen image classification techniques being applied
to the context of narrative media, such as Kim et al. [17], who
showed considerable progress in the task of character detection
for animated works by employing a multi-layered network that
manages to distinguish between different visual styles and human
and non-human characters. Those gains were valuable to the field
of character detection. Still, the same approach wouldn’t suit our
goals since the visual patterns that determine whether a character

is main or supporting are not as clear as those that identify that
character as its individual.

Another example is the work by Laubrock and Dubray [19], who
explored the use of CNNs to classify illustrator styles in graphic
novels, aiming to identify which visual features contribute most to
distinguishing between artists. The authors train a CNN on a dataset
of graphic novel panels from different illustrators. Their findings
reveal that mid-level features, such as texture and stroke patterns,
are particularly discriminative for illustrator style. In contrast, low-
level features (edges, colors) and high-level semantic content play
a lesser role. The study highlights the potential of CNNs for art
historical and stylistic analysis while providing insights into how
neural networks perceive artistic style.

Regarding works dealing with human faces in multimedia envi-
ronments, Mendes et al. [23] proposed an approach for video-based
face recognition that uses cluster matching to improve accuracy in
unconstrained environments (e.g., varying poses, lighting, and oc-
clusions). They grouped face images from videos into clusters based
on visual similarity and then matched entire clusters between ref-
erence and probe videos. Experiments demonstrate that the cluster-
matching approach outperforms single-image and temporal pooling
methods. The key advantage lies in its ability to discard outliers
and focus on stable, high-confidence face representations within
clusters. The paper also discusses computational efficiency, mak-
ing it practical for real-world applications like surveillance and
video indexing. The results suggest that cluster-based matching is a
promising direction for improving video face recognition systems.

And Jesus et al. [12] used covariance pooling and a ResNet ar-
chitecture to label the faces of anime characters according to their
emotions. Their work also involved creating an elaborate dataset
exclusive to the task from images available online and processing
it to ensure focus on the facial features. The considerable perfor-
mance they were able to achieve on the task shows how traditional
classifiers can perform in tasks relating to medium and how its
general visual simplicity can be an asset when attempting to learn
its patterns.

2.2 Narratology
First, it is crucial to establish the concept of narrative role we will
be working with, as established by Prince [27], who defines it as a
set of functions that can be performed by a narrative entity (usually,
but not limited to, a character). Each action performed by an entity
can be seen as a function of the narrative role that entity is playing,
thus revealing the dynamic nature of narrative roles, as one entity
can play many different roles throughout the story. That definition
is then expanded on by Vogler [34], who established a correlation
between narrative role and narrative importance, affirming, for
instance, that a hero is more likely to be a main character than a
trickster. That relationship between narrative role and expected
prominence will be significant when analyzing the patterns we
encountered.

As for how many different roles exist and how we define each
one, there have beenmany attempts to create typologies of narrative
roles, with some of themost notable being Campbell’s archetypes [2],
their refinement by Vogler [34], and Propp’s dramatis personae [28].
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Despite their differences, these frameworks share specific core roles,
such as the hero and the villain (or shadow).

2.3 Character Design
In the field of character design, we have seen attempts to corre-
late visual and narrative elements in different types of media. For
instance, Rogers et al. [15] investigated video game Non-Player
Characters, which helped find correlations between certain visual
traits and their expected narrative role. Hoffner and Cantor [5, 6]
examined how factors such as appearance impact the expectations
towards television characters, helping to solidify the idea that there
is an essential correlation between narrative and visual elements.
More closely related to the focus of this work, Minghua Liu and Ping
Wang [24] analyzed visual design in animation, focusing specifi-
cally on how Japanese animation establishes distinctive traits that
signal main characters. Having these correlations between visual
features and narrative role, alongside the previously mentioned
correlations between narrative role and importance, allows us to
establish a base of understanding from which we can interpret the
results of our experiments. These works, unlike our proposal, aimed
to evaluate the audience’s expectations and did not measure how
well those match reality when it comes to a large set of pre-existing
characters.

3 DATASET
To support the evaluation of different classification approaches in
the character classification task, we developed a dedicated dataset
composed of anime character images paired with reliable narrative
prominence labels. Anime character imagery is widely available
online, with several repositories containing images for more than
100,000 characters. For this work, we focused on MyAnimeList
(MAL)1 as our primary source, since the platform not only provides
a vast and diverse collection of characters but also categorizes each
one as Main or Supporting, based on their role in the narrative. This
feature allowed us to obtain trustworthy ground-truth labels for
supervised learning. Using this approach, we compiled an initial
collection of over 31,000 characters, each represented by a single
image.

To ensure the dataset aligned with our analytical objectives, we
applied a filtering step using CLIP [29]. This automated classifica-
tion was employed to exclude characters whose appearance was
predominantly animalistic, fantastical, or mechanical. The rationale
for this filtering is that such traits may influence the perception of
the characters in ways that differ from human-focused cues, which
are central to our study. By retaining only those labeled as human,
we aimed to reduce variability that could obscure the evaluation of
narrative importance models.

This filtering step was particularly relevant for employing the-
ories from person perception [25], which emphasize the role of
human physical and facial features in social and narrative inter-
pretation. By focusing on human characters, the dataset allows for
more direct investigation into how visual cues relate to narrative
prominence. As a result, the constructed dataset provides a robust
and well-curated resource for future studies on visual character

1https://myanimelist.net/

analysis, narrative importance prediction, and other tasks involv-
ing human-centered image understanding in anime media. Figure
Figure 1 shows a few examples of characters belonging to different
classes, even though they share many visual features.

Main Supporting

Male - Young - Small Eyes 
- Short Hair - Blonde Hair

Female - Young - Small 
Eyes - Long Hair - Purple 
Hair

Male - Old - Big Eyes - 
Short Hair - Gray Hair

Female - Young - Big Eyes 
- Short Hair - Red Hair

Figure 1: Examples of characters belonging to differ-
ent classes while still sharing visual features. Source:
https://myanimelist.net/

3.1 Apparent Gender
Although a character’s true gender identity within the narrative
may differ from their appearance, for this task, we limited ourselves
to their apparent gender as classified by CLIP [29], since we are
working with only their character design without external narrative
context. This left us with 45.20% of characters classified as male
and 54.80% as female. This relative balance was expected due to
the varied nature of demographics the medium of anime appeals
to and the importance each gender has in stories that appeal to
the opposite. However, the prominence and role a character of a
specific gender plays may change depending on the narrative genre
and target demographic.

3.2 Apparent Age
Similarly to gender, a character’s actual age may differ from their
appearance. We still focused on their apparent age, as this was the
only information available to both the model and the survey partic-
ipants. Here, the division was considerably more imbalanced than
in the case of gender, with 87.43% of characters being classified as
young and 12.57% as old. However, this imbalance is not surprising
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given that audiences tend to associate old age with few narrative
roles beyond that of the mentor [15], which can even be seen in
Campbell’s original name for the archetype as the Wise Old Man
or Woman [2].

3.3 Eyes
Exaggerated eyes are an essential element in both American and
Japanese animation, with the latter showing greater intensity and
more frequent use of this concept [18]. The importance of eyes as
an indication of a character’s mental, emotional, or narrative state
in the medium of anime comes as a consequence of the role they
play in Japanese culture as a representation of one’s emotions [33].
Therefore, it is not surprising that their size would be an essential
factor in defining the appearance of the main characters [24]. The
fact that the use of this feature in anime originated in Shojo (teenage
girls) manga [20], alongside the importance Minghua Liu and Ping
Wang [24] place on it specifically for female main characters, acts as
a strong indication that a character’s gender may heavily influence
this visual trait. To quantify eye size, we used Illustration2Vec’s tag
extractor [22], interpreting the model’s likelihood of a character
having closed eyes as an inverse indicator, with higher values cor-
responding to smaller eyes. Main characters are, on average, half
as likely to have closed eyes compared to supporting characters.

3.4 Hair
As Minghua Liu and Ping Wang [24] note, hair plays a vital role
in anime character design, especially in the case of female main
characters. Considering also how color is a key factor in conveying
narrative meaning in the medium [3], we measured how aspects
such as hair length and color impact the classification between lead-
ing and supporting characters. We again used Illustration2Vec [22]
to classify the characters according to hair length and CLIP [29]
to do the same for hair color. In the length measurement, 64.78%
of the characters were classified as having short hair, and 35.22%
as having long hair. Still, this distribution is heavily impacted by
apparent gender, as over 55% of female characters had long hair.
The influence of this feature on narrative classification for male
and female characters is discussed when we analyze the results
of our experiments in Section 4. The distribution of hair colors
was as follows: black (19.04%); blonde (11.16%); blue (7.75%); brown
(28.27%); gray (6.24%); green (3.80%); orange (3.28%); pink (4.16%);
purple (6.68%); red (5.10%); and white (4.52%). The fact that over 60%
of characters feature usual hair colors such as black, brown, blonde,
and gray shows an interesting contrast to anime’s reputation for
featuring characters with unusual and intense hair colors.

4 EXPERIMENTS AND ANALYSIS
To compare the performance of different classification methods
on the task and the patterns they exhibit in their correlation be-
tween visual features and narrative importance, we established
three primary classification methods that covered a variety of dif-
ferent approaches. Firstly, we conducted a human survey tomeasure
baseline performance on the task and observe which patterns our
participants would show regarding the correlation between visual
features and their classification. Subsequently, we trained both a
traditional CNN classifier and one that makes use of attention maps

from foundation models to compare their performance and data
pattern recognition against the survey results.

The remainder of this section is structured as follows. Subsec-
tion 4.1 goes over the survey conducted for this research, its process,
and results. Subsection 4.2 details the classifiers tested, their perfor-
mance, and how their results compare to the human baseline. And
Table 1 summarizes the performance metrics for each classification
method tested.

4.1 Survey
Due to the unclear nature of the patterns present in the data, along-
side the lack of conclusive research on the topic, we decided it was
important to measure human performance on the task of classify-
ing a character between main and supporting roles based solely on
their images. This measurement serves as a baseline for comparing
the performance of our models.

Our initial expectations were mixed. On one hand, previous
studies have suggested that audiences are better at identifying a
character’s role than at determining which visual features indi-
cate that role [15]. On the other hand, the correlations between
visual and narrative features in our data were unclear, making us
unsure of which patterns survey takers would rely on. Therefore,
in addition to quantitative performance, we were also interested in
investigating the biases influencing participants’ judgments.

The survey was conducted online with people familiar with
the medium of anime. Each participant was presented with one
character at a time and had to classify each one according towhether
they thought it was a main or supporting character. They were also
given the option to indicate if they already knew the character,
ensuring that valid classifications were based solely on the image
presented. The characters shown to survey takers were pulled from
the test subset of the dataset and were shown in a different random
order to each survey taker. Each participant could classify as many
characters as they wanted, with the results being made completely
anonymous before saving.

In total, 21 participants provided over 6,000 individual classifica-
tions, possibly offering a good indication of which factors people
familiar with the medium consider when trying to first identify the
importance of a character. Since every character got more than one
classification, we analyzed the data by considering the majority
answer for each character.

Test takers achieved an accuracy of 58.82% compared to the
ground truth. This suggests that while people are somewhat able to
determine how important a character is at first glance, their perfor-
mance may be hindered by biases, either due to simply unfounded
preconceptions or deliberate subversion by authors and designers.
An interesting pattern that quickly emerged is that, while over
53% of characters were classified as main in the ground truth, our
participants classified only 44.55% of them as main and 55.45% as
supporting. This indicates that humans may have more demanding
expectations of what main characters should look like, a notion
reinforced by the relatively strict definition of the role provided by
Minghua Liu and Ping Wang [24], as well as the specific expecta-
tions of each visual element, which are reflected in the comparison
of these results with our models.
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4.2 Classifiers
4.2.1 Traditional Classifier. To measure how CNNs perform on
the task and which patterns they show in their correlation of visual
features to narrative importance, we trained different models using
the data subsets detailed in Section 3, keeping the same subset used
for the human survey as the testing subset.

The models selected for this study primarily included various
ResNet architectures [14].We alternated between training models
from scratch and fine-tuning pre-trained models, while at the same
time testing different hyperparameters such as optimizers, learn-
ing rates, and data augmentation techniques. We found that larger
models quickly overfit, requiring low learning rates to avoid this
problem. This issue can be caused by the indirect relationship be-
tween visual features and labels, a challenge that may also appear
in other tasks of this nature.

Our initial best results were achieved with a ResNet50 model
pre-trained on the ImageNet dataset [7] and fine-tuned using the
RMSprop optimizer, reaching 64.56% accuracy on the test set, ap-
proximately 6% higher than the surveyed humans. We use this
model as a basis for comparing patterns in visual feature recogni-
tion.

In contrast to how humans only classified 44.55% of the charac-
ters as main, themodel closely matched the ground truth proportion
of 53.24%, classifying 52.64% of characters as main and 47.36% as
supporting. This can also be seen when considering the higher pre-
cision and recall, 66.90% and 61.95%, respectively. This suggests that
the model may be considerably less influenced by the biases that
affect human performance; however, a comparison of their results
across each visual feature can provide a clearer understanding of
this effect.

In most cases, the survey takers and the ResNet model agreed,
with both groups giving the same classification to a character in
66.66% of cases, out of which 70.22% were correct. When the groups
differed in their responses, they were fairly closely matched, with
the model being correct in 53.23% of cases and the participants in
46.77%. The fact that the percentage of agreement between the two
groups was higher than the model’s accuracy reveals an interesting
fact: the model was slightly better at mirroring human pattern
perception than it was at learning the patterns actually present in
the data.

Examining these numbers by class reveals clearer patterns. For
supporting characters, the overall agreement rate was slightly
higher at 68.74%, with both the model and participants correctly
classifying 73.15% of cases. However, the most important aspect is
when the two groups gave different answers, with the model being
correct in only 39.85% of those cases, while participants were cor-
rect in 60.15%. This reflects the fact that, as previously mentioned,
survey takers were more likely to classify characters as supporting
when compared to both the model and the ground truth, making
them less likely to mistakenly classify a supporting character as
main. Conversely, for main characters, agreement occurred in only
64.84% of cases, and out of the ones they disagreed, the model was
right in 63.68%, meaning humans were considerably more likely
to misclassify a main character as supporting. This highlights the
importance of identifying which visual factors played the most

significant role in determining these classification differences. Ta-
ble 2 shows the impact of different visual features on a character’s
likelihood of being classified as a main character.

4.3 Foundation Model Enhanced Classifier
We also tested how a more modern classifier performed on the
task. To that end, we employed the approach proposed by Gomes
et al. [9], which consists of using an attention map generated by a
foundation model as an additional channel when training a CNN
classifier. This technique has shown significant performance uplift
and relatively low bias in a task related to human features, making
it a good candidate for this task.

Following previous results obtained with this approach, the foun-
dation model and classifier used were, respectively, DINOv2 [26]
and XceptionNet [4]. This method achieved a performance gain
greater than 12% over the ResNet model, with 76.93% accuracy. Due
to its greater performance, this classifier will be our main focus
when analyzing the correlation between visual features and the
classification given.

4.3.1 Apparent Gender. When considering the distribution of classes
according to apparent gender, 49.76% of male characters were main
characters and 50.24% supporting, which initially seems to indicate
a balance between the groups, but when we consider that 53.24% of
all characters were main characters, being classified as male repre-
sents a 6.54% lower chance of being a main character. At the same
time, 56.10% of female characters were main characters, a 5.37%
increase, which shows that a character being female makes it more
likely for it to be a main character. However, while the difference
is relevant, its relatively low magnitude is a reflection of the di-
versity in demographics the medium of anime tends to target [31],
with different series targeting people of different genders and age
groups.

The FM-enhanced classifier exacerbated the trend, with male
characters being 9.26% less likely to be classified as main and female
ones 8.18% more likely to receive the same label. Humans exhibited
an even stronger version of the pattern, withmales 11.23% less likely
and females 9.36% more likely to be labeled as main characters.

This shows that both humans and the model consider a char-
acter’s apparent gender to be more indicative of their importance
than it actually is, with the participants giving the most impor-
tance to this feature. This factor must be carefully considered when
analyzing the influence of other features, especially given that ex-
pectations of a character’s appearance are heavily influenced by
gender [24].

4.3.2 Apparent Age. When analyzing how apparent age impacts
the classification of a character, it is important to remember that
a large majority (87.43%) of characters were considered young, so
the class distribution within this age group is most likely to be
significantly closer to the overall distribution compared to that of
older characters.

Out of the old characters, only 20.6% were main characters, rep-
resenting a 61.30% lower chance of belonging to the class. This
distribution may seem extreme at first, but it makes sense when
we consider that old age is usually associated with wisdom and
the role of mentor [15] and that these types of characters tend to
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take on supportive roles [2, 34], helping the protagonist and their
close allies. Additionally, such characteristics usually mean that a
character has already gone through an arc or journey of their own,
making it easier for authors to avoid showing their development in
favor of focusing more on the protagonist(s), by making it feel like
these characters don’t need any further development [10]. Another
important factor to consider when looking at this data specifically
for the medium of anime is that none of the main core target de-
mographics (Shonen, Shojo, Seinen and Josei) are aimed at older
people [31], with the first two being mostly focused on teen boys
and girls, respectively, and the latter two on young men and women,
respectively. Also, as the main characters are the ones the audi-
ence is supposed to more closely identify and relate with [34], it is
natural that they are more likely to reflect their target demographic.

Both the model and the surveyed humans showed more intense
versions of this trend, with the latter considering a character 67.54%
less likely to be a main character if they were old, and the former
again showing a more extreme result as it considered an old charac-
ter to be 69.18% less likely to be a main character when compared
to the average. While these results are more pronounced than the
actual data, they help illustrate the significant role a character’s
age plays in determining narrative importance, providing our first
clear insight into the typical appearance of anime main characters,
which are overwhelmingly young. These numbers didn’t change
much when considering each gender in isolation, which matches
how being physically attractive is usually seen as an indication of
being good and important [15, 24] for both male and female main
characters. Furthermore, these results also reinforce the general
idea that these unclear correlations between visual features and
classification tend to be exacerbated when trying to learn the task
itself.

4.3.3 Eye Size. The expectations for the feature of eye size were
that main characters would be more likely to have big eyes, since
these are used to communicate a character’s emotions [33] and
the protagonists are the ones whose emotions and mental state
tend to receive the most attention [34]. In addition, big eyes can be
correlated with being good or innocent [33], traits associated with
the role of hero [15].

When looking at the results, our expectations were initially
proven correct, with supporting characters having a 122.4% higher
likelihood of featuring small eyes. The model once again showed
an exaggerated version of the pattern, with supporting characters
being 165.58% more likely to have small eyes. However, this time
humans represented the most drastic results, with supporting char-
acters 181.91% more likely to have small eyes. This indicates that,
while eyes are an important indicator of a character’s importance,
the importance of this feature might be overestimated by the audi-
ence, which may expect main characters to look good and innocent.

When looking at each gender in isolation, female characters
showed lower differences between main and supporting characters,
with the latter group having a higher likelihood of featuring small
eyes of 29.72%, 136.8%, and 158.69%, according to the ground truth,
the model, and the human survey, respectively. This indicates that
eye size is not as much of a distinguishing factor when it comes
to female characters. However, the fact that both humans and the
model did not follow the intensity of the real drop in difference

shows that there’s still an expectation that having big eyes is a
strong indicator that a female character is a protagonist. In reality,
female characters were shown to be more likely than their male
counterparts to have big eyes, with even the average of female
supporting characters outperforming the same metric for male
main characters. Therefore, having big eyes as a female character is
not exclusive tomain characters, and the feature is widely present in
both groups. While this means that stating that female protagonists
tend to have big eyes [24] is not wrong, this feature alone is also not
very helpful in finding a pattern for the role, since female characters
generally tend to have bigger eyes.

When looking at only male characters, those labeled as support-
ing showed a 182.9% higher chance of having small eyes, reveal-
ing that, differently from what Minghua Liu and Ping Wang [24]
suggest, the feature is more relevant in determining a character’s
importance when they are male instead of female since having big
eyes is a rarer trait in the former while being quite common in the
latter. At the same time, its rarity in male characters means that
there are enough male main characters with both small and large
eyes, making it so that having big eyes makes one considerably
more likely to be a main character, but having small eyes does not
carry the same effect in the opposite direction.

4.3.4 Hair Length. As a visual feature, we treat hair by analyzing
its length and color separately. Both aspects play an important
role in a character’s overall design [8] as the feature is one of
the main ways to differentiate between characters [8]. Long hair
can be associated with feminine beauty, and freedom [8, 16], thus
supposedly lending itself well to female main characters [24], as
these are characteristics usually associated with this role [15, 34]. At
the same time, color carries strong meaning in the medium [3], with
the hair being one of the main elements used to convey it [16, 30].

When considering all characters combined, a majority (64.78%)
had short hair, but doing so represented a 3.04% lower chance of
being a main character, with the model decreasing the difference to
2.13%, while the participants increased it to 9.15%. Those featuring
long hair are 5.55%, 4.48%, and 16.87% more likely to be labeled
as main characters, according to the ground truth, the model, and
the humans, respectively. This indicates that, overall, characters
with long hair are slightly more likely to be main characters, but
it also shows that audiences tend to dramatically overestimate the
importance of this factor, while the model shows its usual trend of
exaggerating the existing patterns. However, this feature is heavily
influenced by the character’s apparent gender [8, 16, 24], so looking
at each one in isolation may lead to more conclusive results.

Female characters were more likely to feature long hair in gen-
eral, with 55.51% of them being part of that group. However, having
long hair only represented a 3.97% higher likelihood of being a main
character, when compared to the average of female characters, with
the model showing a difference of only 1.3% and humans giving
it the most importance at 9.91%. Reaffirming that, while there is a
correlation between having long hair and being a main character,
audiences tend to overestimate its relevance as they attribute too
much importance to the meaning behind hair design [16].

Male characters paint an even clearer picture of that tendency,
with the presence of long hair representing a 14.18% lower chance
of being a main character, which reflects how, in contrast to its
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meaning in female characters, long hair in male characters can
convey a violent and brutal nature [8], which are traits associated
with antagonistic roles [2, 15, 34]. However, the model and humans
show a trend in the opposite direction, with the feature increasing
the likelihood of one being a main character by 15.58% and 8.10%,
respectively. This indicates that long hair, even in male characters,
is still associated with the meaning commonly attributed to female
characters, and the personality traits associated with it [8, 16], thus
the feature acts as a strong indicator for audiences that a character
is among the main characters, even if its presence is at best slightly
relevant and, in the case of male characters, shows a trend in the
opposite direction.

4.3.5 Hair Color. The first notable fact regarding hair color is that
gray hair represents the lowest likelihood of being a main character,
as the color is associated with old age, and those characters are
rarely put in leading roles.

Characters with yellow, pink, blue, red, and orange hair were
considered by all classification methods to have a higher-than-
average likelihood of being part of the main cast. Blonde characters
were considered more likely to be main characters regardless of
gender, matching the expectations for the color as one that symbol-
izes uniqueness and being special [8, 30] due to its rarity in Japan.
The color can also be associated with confidence, happiness, and
naiveté [16], traits linked to the role of hero [15], especially early
in their journey [2, 34], reinforcing its presence as an identifier of
main characters. While the color is a relevant indicator of a charac-
ter’s importance, with blonde characters being 7.72% more likely
to be main characters, audiences again overestimated its impact,
considering those featuring it to be 28.72% more likely to be part
of the main cast, reflecting the cultural expectations on the color
detailed before. Meanwhile, the model remained close to the actual
pattern with a higher likelihood of 9.01%.

Characters with red and orange hair were found to have a higher-
than-average likelihood of being main characters according to all
classification methods, a trend consistent for both genders. Both
colors carry similar meanings, usually associated with passion, lead-
ership, violence, and strong emotions more generally [8, 30], traits
that can be linked to the role of hero [34]. And while the same col-
ors can mean the opposite when it comes to some male characters,
signifying that they’re calm, humble, and disciplined [16], these
traits can be associated with the lancer or ally [15, 34], making
them also part of the main cast.

Characters with purple and blue hair served as good indicators
of a character’s importance for both genders, but while all classifica-
tion methods agreed on the latter, the ResNet showed the opposite
pattern when it came to the former, with the FM-enhanced model
showing a very slight positive impact for the color. Purple hair
tends to mean power or privilege, as well as intelligence and mys-
tery [8, 16, 30], traits that are usually associated with antagonistic
or neutral roles [2, 15, 34], but can also be present in archetypes
potentially present in the main cast, such as the femme fatale [34].
In addition, color, especially in lighter tones, can also be linked
to being magical or divine [16, 30], complementing the aspects of
intelligence and mystery to form the role of boom giver [2, 28], or
detached love interest [16], which can both be part of the main cast.
Meanwhile, blue hair usually relates to being reliable, intelligent,

calm, wise and confident [16, 30]; the lack of negative associations
with the color means that it is not commonly used for antagonistic
roles, while the fact that it is linked to being attractive [16, 30]
keeps it from being used in old mentors who rarely are depicted as
such [15, 34], thus explaining why the color is a strong indicator of
a character being part of the main cast.

In female characters, pink hair acted as the strongest indicator of
being in the main cast, consistent across all classification methods.
The color is mostly associated with youth, innocence, femininity,
naiveté, and benevolence [8, 16, 30], traits that can be associated
with some types of heroes [15] and make it ideal for the “moe-
protagonist” archetype [30]. However, in male characters, the color
can represent malicious or wicked characters [16], explaining why
it beats only gray as an indicator of being a male protagonist.

For male characters, black hair also acted as a good indicator of
being a main character, a pattern reflected by the model but not by
the participants. This discrepancy is possibly due to black being a
very common color for hair [8, 30], second only to brown in our
dataset, and its common usage without narrative meaning [30].
However, the pattern is real, with male characters with black hair
being 20.01%more likely to be part of the main cast than the average
of male characters. The color can be associated with being deter-
mined, independent, mysterious, powerful, practical, solitary [16],
and despite its dark hue, it usually carries positive connotations,
making it ideal for the lone wolf type of character [16], that can
play the role of hero in many narratives [34]. This type of character
is more commonly associated with male characters, thus explaining
the color’s presence here, but not in female main characters.

Other colors, such as green and white, represent a lower like-
lihood of being a main character regardless of gender, but partic-
ipants judged the opposite in the case of both male and female
characters with white hair. The unnatural color can relate to being
lucid, skillful, and serene, leading to female magical characters and
male antiheroes [16], and these traits can be linked to protagonistic
roles [34], possibly explaining, alongside its rarity, why audiences
tend to attribute such importance to hair color. However, having
white hair can also mean a detachment from reality [30], which may
turn antiheroes into villains [34], removing them from the main cast
of protagonists. Differentiating between these two groups purely
on their design may have proven difficult for humans, who ended
up giving more weight to the positive connotations associated with
the color.

Overall, this analysis shows that, when tackling tasks with un-
clear visual patterns, it is important to consider how models estab-
lish the correlation between different visual features and their final
results. Such insights can reveal potential biases within the models,
which often remain hidden when the underlying patterns are not
well understood.

5 CONCLUSIONS
The results of this work show not only how challenging the task
of narrative classification can be for humans, but also that deep-
learning models can be considerably more effective in learning
the intricate patterns that correlate certain visual features and the
final classification. It is also clear, however, how the classification
process can exaggerate certain biases and overestimate their actual
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Table 1: Performance metrics for each classifier. Precision
and recall values were calculated as weighted averages of the
two classes.

Classifier Accuracy (%) Precision (%) Recall (%)

Survey 58.82 66.04 46.80
ResNet 64.56 66.90 62.74
FM 76.93 79.72 73.93

Table 2: Percentage impact each visual feature had on a char-
acter’s chance of being labeled as a main character according
to each classification method

Feature Truth (%) Survey (%) ResNet (%) FM (%)

Male -6.54 -11.23 -11.36 -9.26
Female 5.37 9.36 9.38 8.18
Young 8.81 9.94 10.28 10.03
Old -61.30 -69.18 -71.46 -67.54

Short Hair -3.04 -9.15 -5.24 -2.13
Long Hair 5.55 16.87 9.66 4.48
Black Hair 1.50 -13.56 16.22 10.93
Blonde Hair 7.72 28.72 8.93 9.01
Blue Hair 16.83 17.70 12.35 15.49
Brown Hair -0.43 -12.83 -4.47 -3.21
Gray Hair -49.71 -55.82 -62.61 -56.46
Green Hair -12.14 -2.25 1.11 -7.97
Orange Hair 3.50 5.36 8.55 4.53
Pink Hair 15.27 42.84 23.04 21.74
Purple Hair 14.15 8.77 -10.87 2.03
Red Hair 4.84 27.09 28.11 12.36
White Hair -13.59 16.72 -24.02 -16.41

impact, reaffirming the importance of being aware of these patterns
and addressing them whenever possible.

The fact that our classifiers could learnmany of the same patterns
shown by humans, even if some of those patterns do not reflect
reality. Therefore, it means that this kind of model can be used
to find the implicit patterns and biases humans use when labeling
objects in tasks of this nature, and also that the technology might be
a suitable representative of human classifiers in areas such as image
generation for this kind of task. This, however, must be considered
with extreme care when dealing with tasks where such a biased
view is undesirable and can be harmful.

When it comes to the specific task we studied, it has been shown
that covariance pooling [21] can be used to improve performance
in extracting features from anime faces [11] due to its ability to
better evaluate distortions in facial features. While these distortions
aren’t as directly linked to narrative importance as they were with
emotion detection, the technique could still prove useful for our
task and is worth considering.

It could also prove beneficial to expand this kind of study to other
tasks in the field of multimedia that share many of its underlying
challenges. It can, however, be difficult to assemble the same volume
of data for those as we were able to acquire for this work.
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