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ABSTRACT
In the Japanese anime industry, predicting whether an upcoming product will be
popular is crucial. This article introduces one of the most comprehensive free
datasets for predicting anime popularity using only features accessible before huge
investments, relying solely on freely available internet data and adhering to rigorous
standards based on real-life experiences. To explore this dataset and its potential, a
deep neural network architecture incorporating GPT-2 and ResNet-50 is proposed.
The model achieved a best mean squared error (MSE) of 0.012, significantly
surpassing a benchmark with traditional methods of 0.415, and a best R-square (R2)
score of 0.142, outperforming the benchmark of −37.591. The aim of this study is to
explore the scope and impact of features available before huge investments in relation
to anime popularity. For that reason, and complementing the MSE and R2 metrics,
Pearson and Spearman correlation coefficients are used. The best results, with
Pearson at 0.382 and Spearman at 0.362, along with a well-fitted learning curves,
suggests that while these features are relevant, they are not decisive for determining
anime popularity and they likely interacts with additional features accessible after
further investments. This is one of the first multimodal approaches to address this
kind of tasks, aiming to support an entertainment industry by helping to avoid
financial failures and guide successful production strategies.

Subjects Artificial Intelligence, Computational Linguistics, Computer Vision, Data Mining and
Machine Learning, Data Science
Keywords Anime, Entertainment, Regression, Multimodal, Computer vision, Natural language
processing, Popularity prediction

INTRODUCTION
Anime is defined as animation made in Japan. On its way to developing an identity, it has
acquired several stereotypes and clichés that have made it quirky and recognizable,
establishing a strong sense of identity. This cultural phenomenon has ultimately led to the
formation of one of the most profitable entertainment industries in the world: the anime
industry.

As in any other industry, one of the most crucial aspects on anime is the release of
successful and profitable products. In order to achieve this, several techniques has been
refined and perfectioned such as cultivating a fan base, where companies foments the
popularity of the product among a certain demography through marketing campaigns.
This practice ensures a basement of devoted customers, significantly reducing the sales
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risk. Since anime is a cultural phenomenon, each aspect of its success must be linked to its
reception among a demography (corresponding to a cultural block) and hence the
measuring and prediction of popularity of an incoming anime arises as one of the most
important and relevant tasks with respect of the industry. The successfully prediction of
the popularity of a future project may prevent a financial catastrophe, but also can aid on
the creation of relevant, profitable and successful franchises.

When addressing this task, it comes to light that there are currently no straightforward
methods to predict the popularity of an incoming anime. For instance, the Toei
Animation’s 1994 filmDragon Ball Z: Bio-Broly lost more than ¥9 billion (Wikipedia, 2024;
Fandom, Inc, 2025), despite being part of the globally acclaimed Dragon Ball Z franchise
and featuring Broly, one of its most popular antagonists. Conversely,MAPPA Studios’ 2018
anime Kimetsu No Yaiba, based on a relatively unknown manga not among the top 50
best-selling mangas in the Oricon 2018 ranking (Oricon News, 2018), achieved
unprecedented success with its 2020 film Kimetsu no Yaiba: Mugen Train, setting a
worldwide Guinness Record at the box office (Pilastro, 2023), even amidst the challenges
posed by the COVID-19 pandemic. These two examples show that the current
understanding about the phenomenon is not yet enough to design deterministic and
straight approaches for efficient and accurate popularity predictors, and hence encourages
the use of heuristic approaches, such as machine learning (ML) and deep learning (DL)
methods.

Another important constraint to consider is the limitation of accessible features for
determining popularity. Recall that the key issue for the anime industry is avoiding
financial and cultural failures. Therefore, the first challenge to address is to evaluate
whether it is possible to predict popularity using only features available before making
huge monetary investments. This consideration drastically narrows the possibilities, since
animation has an expensive nature: even a small project such as the pilot of the indie
animation HEATHENS (from Australia, but leveraging the style, cliches and quirks of
anime) is projected to cost $39,460 USD (or $60,000 AU) according to their crowdfunding
webpage (Kickstarter, 2024). Consequently, accessible features for this first approach
cannot involve critical aspects such as a written script, animation frames or soundtrack.
Instead, it has to focus solely in a brief description of the plot, along with main character
sketches and descriptions (Watanabe, 2020), as it happens in other entertainment
industries like Hollywood, where financial decisions must be taken based on a concise
four-line description of the future movie plot (Field, 2005). This real-life investment
experiences set the guidelines for the dataset construction, but also conducts to the
formulation of the main research question of this article:

RQ: What are the scopes and impact of the available features before
making huge investments, in relation of the popularity of an anime?
The objective of this work, hence, is to measure how influential such features can be with
respect of popularity. For that reason, a dataset is proposed along with a deep neural
network who embeds the features through transformers and residual networks, and then
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process them with a multilayer perceptron (MLP) in order to match its dimentionality
with the popularity measure of the dataset, making them comparable.

With respect of the dataset, it was gathered from an internet social network named
MyAnimeList (MAL) (MyAnimeList Co., Ltd, 2025b), aiming at obtaining a meaningful
measure for popularity across real users. In this social network it is possible to find user
ratings for animes, but also free equivalents of the limited features discussed previously:
plot synopses as free substitutes for the four-line plot summaries and in-anime snapshots
with fan-made descriptions as free substitutes for the main character sketches. Moreover,
MAL it is the best social network of internet with respect of the objectives of this work
since is the most visited anime webpage of the internet, according to https://www.
similarweb.com/website/myanimelist.net. Also, when compared with their two principal
competitors AnimeNewsNetwork’s encyclopedia (AENC) (Anime News Network LLC,
2025) and AniList (AL) (Python Imaging Library (Pillow’s Fork), 2022), MAL’s catalog
arises as the cleanest and soundest. In the case of AENC, it encompass more than 28,000
animes but has low user interactions, while AL only includes around 15,000 animes but,
although includes detailed statistics, it still underperforms MAL, who has more than
25,000 animes with detailed information about user ratings for a considerable subset of
them.

With respect of the deep neural network, the embeddings are fine-tuned using the mean
squared error (MSE) loss function, which compares the MAL score (measure of popularity,
and the observed variables) with the output of the final MLP (it must be 1-dimensional). If
the learning curves shows a proper fit, the correlation between the predictions and
observed variables can provide a reasonable measure of the scope and impact of the
features with respect to the popularity of an anime. High correlations would suggest a total
impact and full scope, meaning these features have a capital importance with respect of
popularity. Moderate correlations would indicate partial impact and moderate scope,
implying the existence of a synergy with others features that may become accessible after
further investment. Low correlations, along with a good fit, would suggest no scope and an
absence of impact for determining popularity, meaning that this phenomenon depends
entirely on features that require additional investment to access.

In order to select suitable components for the deep neural network and ensure the
soundness of this study, it is important to review related and previous work. Although
there is no publicly available research specifically on anime popularity prediction, three
types of relevant related work can be identified: AI applications in anime, recommender
systems and popularity prediction tasks in other entertainment industries.

In the first category, notable works include AI applications in sentiment analysis for
anime. For instance, early attempts can be found in AlSulaim & Qamar (2021), when the
authors proposed a method for sentiment polarity analysis over anime reviews from a
Kaggle dataset. Their data was highly unbalanced, with 93% of positive samples vs. only 7%
of negative reviews, so they applied data augmentation to achieve balance, although their
explanation of the process was vague and lacked of examples, making it difficult to
determine whether their model classified according to sentiment polarity (positive or
negative) or according to augmented vs. non-augmented reviews. Other and more
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elaborated and sound approaches can be found in Théodose & Burie (2023), where the
authors introduced a dataset for facial emotion recognition, while in Sharma & Chy (2021),
the authors tackled the task of anime genre prediction using web snippets as the main
feature. This latter study leverages deep learning techniques to address a complex task,
achieving promising results from a very small feature set, which suggests that a similar
approach could be beneficial here.

In the second category, recommender systems consists on methods that suggests the
best possible products to potential users or customers (Ricci, Rokach & Shapira, 2022).
When such systems are profile-based, they become deeply related to the popularity
prediction task since they can determine the probability of a product being a suitable
option for a consumer given their demographics or, in other words, how successful the
product might be for that particular user/demographic. However, although tackling the
popularity prediction task through (adapted) recommender systems may be tempting, they
focus on an large set of demographics which lead to a significant sparsity on their datasets
(Yu et al., 2024). Moreover, these datasets must include features only accessible once the
product is released, such as Producers, Duration, or Casting. Such features have shown a
considerable correlation with success (Wang et al., 2019; Airen & Agrawal, 2023), but are
only available in the context of a recommender system for a streaming service and hence its
consideration goes beyond the scope of this work.

Finally, for the third type, it is possible to find several proposals on other related
entertainment industries, such as movies (Kim, Cheong & Lee, 2019) or books (Maharjan
et al., 2018; Sharma, Chakraborti & Jha, 2019; Wang, Zhang & Smetannikov, 2020) and
even in the anime industry itself (Armenta-Segura & Sidorov, 2023). All these works have
in common the employment of relatively small models with a low-to-medium complexity,
but also to consider the task as a classification problem, with artificially crafted dependent
variables in order to simplify the problem. From these experiences it is possible to distill
the need of large and complex models as showed in Armenta-Segura & Sidorov (2023),
where the authors employed traditional classifiers over anime plot summaries and
demonstrated the huge underlying complexity hidden on this kind of data, or as implicitly
showed in Kim, Cheong & Lee (2019), where the authors employed a two-branched neural
network with ELMO and BiLSTM or CNN to predict binary movie success through plot
summaries, but then enhanced their results by leveraging BERT-based models in Lee, Kim
& Cheong (2020). As a conclusion, while recommender systems have the need of larger and
less sparse dataset, popularity prediction systems have the need of larger and deeper
models.

In alignment with this distilled knowledge, any relevant approach must focuses on deep
neural networks with complex components. By recalling that the dataset includes text and
image features, the model must to be also multimodal. With respect of text inputs, the
current state of the art are undoubtedly transformer-based models (Vaswani et al., 2017).
This work opted for leveraging GPT-2 (Radford et al., 2019) for text analysis,
124M-parameters version. With respect of images, there are several state of the art
encoders such as residual networks (He et al., 2015). This work employed the Microsoft
implementation of ResNET-50, available at Huggingface, for image processing.
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Furthermore, this work also presents a naive benchmark for the dataset utilizing
traditional vectorizations, such as TF-IDF for texts and PILToTensor for images, aiming to
reproduce the work from Armenta-Segura & Sidorov (2023) and its extended version
(Armenta-Segura, 2023).

In the remaining sections of the article, all described procedures are examined in detail.
The obtention of the corpus is explained, alongside the experimental setup of a three-input
deep neural network used to make the experiments. As previously hinted, the accuracy of
the models are evaluated through MSE. Additionally, the correlations for answering the
research question are measured through the Pearson and Spearman correlation
coefficients, who also brings a most flexible evaluation of performance by checking the
likelyhood of a linear mapping between the predictions and the real scores, either in a rank
and a rankless fashion. Following this line, R squared (R2) score is also provided for
evaluate the error variances, although their relevance must be understood with respect of
the fit of the learning curves. The best results were obtained by considering all inputs,
yielding a MSE of 0:012, a Spearman correlation coefficient of 0:362, a Pearson correlation
coefficient of 0:382 and a R2 Score of 0:142 which, along with the good fit of the learning
curves, permits to conclude the existence of partial impact and moderate scope of available
features before huge investments, and hence the existence of a synergy between these
features and others that may become accessible after further investment. The detailed
study of such synergy is left as further work.

METHODOLOGY
This section presents the detailed procedure for obtaining the corpus, along with its
relevant statistics. It also presents an explanation and justification of the popularity metric
used (the MAL’s weighted average score), including its scope and limitations. Additionally,
it presents the technical specifications of the deep neural networks and traditional
benchmark models. Portions of this text were previously published as part of a preprint
(Armenta-Segura & Sidorov, 2024).

The anime corpus
For each anime in the MAL database, a python script scrapped its title, plot summary,
weighted average score and all of its main character names, descriptions and portraits. All
samples without this information were discarded. The scrapping process started at
December 28, 2023, at 0:03 UTC, and finished at January 3, 2024, at 14:31 UTC. The script
was implemented using the BeautifulSoup4 python library (Richardson, 2007). The final
result was 11,873 animes with 21,329 main characters.

Once obtained the data, a clean process was performed. First, all characters with no
useful descriptions, such as the text No description available, were removed, as well as
characters with no portrait. Then, all animes with no score, synopsis, title or associated
main characters were also removed, including samples with plot summaries shorter than
20 words. This process reduced the scraped data to 7,784 animes and 14,682 characters.
The characteristics of the final dataset and its statistics are presented in Table 1 and Fig. 1

Armenta-Segura and Sidorov (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2715 5/27

http://dx.doi.org/10.7717/peerj-cs.2715
https://peerj.com/computer-science/


with respect of their synopsis and in Table 2 and Fig. 1 with respect of their main
characters.

The MAL weighted average score as golden label
The most notable MAL statistic for popularity measuring is the weighted average score,
calculated in terms of all user ratings of each anime. This score (MyAnimeList Co., Ltd,
2025a) works straightforward: a user of the database can ranks an anime in a 0-out-of-10
scale, based on their particular opinion about it. To avoid bots, the system requires the user
to watch at least a fifth part of the anime before score it, which can be done by manually
marking the episodes as already seen. From this, it is possible to propose a naive measure
for popularity as the mean of all rankings:

Table 1 Statistics for the corpus of the synopsis.Wordcount refers to synopsis. Notice that the column
Samples hints a normal distribution.

Score Samples Max. Words Min. Words Avg. Words

1–2 2 68 55 61:50

2–3 6 228 25 112:50

3–4 11 166 24 80:72

4–5 80 244 25 78:88

5–6 925 329 24 83:42

6–7 3,131 397 24 97:35

7–8 3,021 581 24 121:30

8–9 596 340 29 149:68

9–10 12 189 133 157:25

Total 7,784 581 24 104:73

Figure 1 Mean synopsis wordcount (left) and mean main character frequency (right) across the dataset. The X-axis represents the floor
MyAnimeList score. Y-axis is the mean words on synopsis per score and mean amount of main characters per score.

Full-size DOI: 10.7717/peerj-cs.2715/fig-1
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S ¼ Sumof all users scores of the anime
v

: (1)

where v is the total number of voters. However, this measure can be biased since does not
consider the statistical relevance of the population who scored it. An example of a biased
score can be a hypothetical incoming anime who receive all of its first ratings from its
producers, which might be interested to give generous scores, regardless the true scope of
their product. To tackle this bias, MAL weighted S in terms of how many people has
watched and scored the anime. They defined a statistical bound m ¼ 50 and they defined
the weight of S as:

s ¼ v
v þm

� �
: (2)

Hence, if more people scores the anime, s tends to 1 and the relevance of S increases.
When v ¼ 1, the weight reaches its minimum nonzero value 1=ðmþ 1Þ, who is also the
average statistical importance of a single rating.

MAL also weights the general importance of their whole community, by calculating
twice per day the follow default score, based on all rankings across the database.

C ¼ Sumof all valid scores in the database
Total amount of valid scores in the database

: (3)

The value of C when the data scrapping finished (Jan 3, 2024) was 6:605. This
default score represents a very coarse qualification for an incoming anime, given that
nobody watched it or its fandom is statistically insignificant. Its weight is defined as
follows:

c ¼ m
v þm

� �
: (4)

When more people scores the anime, C lose relevance in the score. In other words, when
s the weight of the scores given by the users grows, c tends to 0.

Finally, the weighted averaged score of an anime is defined as follows:

W ¼ v
v þm

� �
Sþ m

v þm

� �
C: (5)

This shows the high quality of MAL metrics for popularity measuring. By considering
that MAL gather members all around the world and is the most visited anime portal in all
internet, any output generated by a method trained with this dataset should be interpreted

Table 2 Statistics for the characters.

Total characters Max. Words Min. Words Avg. Words

14,682 3,551 4 121:34
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as popularity across (a huge part of) the internet. However, since this score does not
consider the demographic statistics of the voters, it may be not a suitable measure for a
profile-based recommender system.

Correlation with extraneous variables
In order to ensure data integrity, it is important to explore whether extraneous variables
can influence machine learning predictions. An extraneous variable is a one that is known
to have no relationship with the target variable. For instance, in Fig. 1 the synopsis
wordcount and the mean character frequency are such variables. The same figure also
suggests the possibility of a possible correlation with the target variable (score), which may
compromises the integrity of the experiments.

To properly measure how much an extraneous variable can influence the score,
correlation coefficients such as Pearson and Spearman can be used, with values ranging
from 0 to 1. According to Cohen (1992), it is possible to interpretate the correlation values
with the follow rule of thumb: 0�0:29 indicates a small correlation, 0:30�0:49 indicates a
moderate correlation and 0:50�1 indicates a strong correlation. Fine-graining, in Abdalla,
Vishnubhotla & Mohammad (2021), the authors used another rule of thumb for the
Spearman correlation coefficient: 0�0:19: very weak; 0:2�0:39: weak; 0:4�0:59: moderate;
0:6�0:79: strong; 0:8�1: very strong. In this work, the follow hybrid rule of thumb is
considered, linking it with the interpretation staten in the Introduction:

. 0�0:19 for a very weak correlation. Along with a good fit, it means that the used features
has no impact on the phenomenon.

. 0:2�0:29 for a weak correlation. Along with a good fit, it means that the impact of the
used features is vague.

. 0:3�0:49 for a moderate correlation. Along with a good fit, it means that the impact is
moderate and more features are required (in this case, features accessible after further
investment).

. 0:5�1 for a strong correlation. Along with a good fit, it means that these features are
enough to explain popularity.

Pearson and Spearman will be also used to measure correlations between predictions
and real scores (and most detailed explanation is presented further, when discussing the
final results). Table 3 presents the correlations between target variable and extraneous
variables, showing a moderate correlation with synopsis wordcount, which may
compromise the performance of any machine learning experiment. In order to solve this
issue, an ablation over the dataset must be performed, in order to reduce this correlations.

Ablation
Given the high complexity of the data and the task, it is crucial to minimize the reduction
of the dataset to avoid further issues in the experiments, such as overfitting. To achieve
this, it is important to limit the exclusion of cases to the greatest extent possible. Figure 1
shows an increase in the wordcount growth slope starting from scores higher than 5,
indicating that the highest variance in synopsis wordcounts is due to samples with scores
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of 5 or higher. Moreover, it is clear that higher wordcounts will further increase this
variance, leading to the conclusion that ablation should focus considering only the most
extreme cases that meet these conditions. Concretely, this is the followed procedure:

. All animes with scores 5 or higher are elegible to be discarded.

. From the elected, only animes with a wordcount higher than a given threshold (after
various iterations, 180 words performed better) stayed as disposable. Sort them by
wordcount.

. Finally, remove the first N of them.

After several trials, N ¼ 646 was found to be the minimum number of cases at which
the Pearson and Spearman correlations became low, as desired (depicted in Table 4).
Table 5 presents the new statistics for the ablated corpus, as shown in Table 1 for the data
before ablation.

Evaluated methods
In this section, all the employed neural networks are described. First, the traditional
methods equivalents to the proposals from Armenta-Segura & Sidorov (2023), Armenta-
Segura (2023), and then the three-input deep neural network with transformers and
residual networks.

Traditional model baseline
In order to define a benchmark to evaluate any proposed model, traditional machine
learning methods are employed. With this purpose, all texts were vectorized through the
Term Frequency-Inverse Document Frequency (TF-IDF) measure with the Scikit-Learn
implementation (Pedregosa et al., 2011), while images were tensorized through the
PILToTensor method from the Python Imaging Library (Python Imaging Library (Pillow’s
Fork), 2022). The result outputs were truncated to size 750 and then concatenated into a
2,250-dimentional tensor which was then feeded to a simple MLP described in Table 6.

Deep neural network
As anticipated in the introduction, a three-input deep neural network was designed to
solve the regression task of predicting the MAL weighted average score given the synopsis,

Table 3 Pearson and Spearman correlations between the target variable (MAL weighted average
score) and both extraneous variables main character frequencies and synopsis wordcounts, across
the dataset, before ablating it. Synopsis wordcount presents a moderate correlation, which may bias
the results of any machine learning model.

Variable Pearson Spearman

Main character frequency 0:111 0:145

Synopsis wordcount 0:332 0:363
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main character portrait and description. In Table 7 an example of the full input of an
anime is depicted. For each input, a sequential set of layers was employed:

. Synopsis: The GPT-2 pretrained neural model on its 124 M-parameter modality. Its
final layer has as shape 768.

Table 4 Pearson and Spearman correlations between the target variable (MAL weighted average
score) and both extraneous variables main character frequencies and synopsis wordcounts, across
the dataset, after ablating it. Correlations with synopsis wordcounts are now weak (while moderate
before the ablation) and, although correlations with main character frequencies grown a little with the
ablation, are still far from becoming moderate and hence significant.

Variable Pearson Spearman

Main character frequency 0:190 0:233

Synopsis wordcount 0:263 0:295

Table 5 Statistics for the corpus of the synopsis, after the ablation.Wordcount refers to synopsis. The
column Samples still hints a normal distribution.

Score Samples Max. Words Min. Words Avg. Words

1–2 2 68 55 61:50

2–3 6 228 25 112:50

3–4 11 166 25 80:72

4–5 77 244 26 78:88

5–6 911 329 25 87:1

6–7 3,071 397 25 97:35

7–8 2,577 277 25 126:18

8–9 475 233 29 122:02

9–10 8 174 133 149

Total 7,138 397 25 101:7

Table 6 Specifications of the MLP for the traditional methods. The last column shows the trainable
parameters for each layer: learnable weights (W) and biases (B).

Name Type In. Shape Out. Shape Act. Fn. Connects with Train. Params.

First Linear 750þ 750þ 750 1,000 TanH Second 2,250,000 (W)

1,000 (B)

Second Linear 1,000 500 TanH Third 500,000 (W)

500 (B)

Third Linear 500 250 TanH Fourth 125,000 (W)

250 (B)

Fourth Linear 250 100 TanH Lastx 25,000 (W)

100 (B)

Last Linear 100 1 SoftMax (logits) 100 (W)

1 (B)
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. Main character descriptions: The GPT-2 pretrained neural model. It is the same as with
Synopsis.

. Main character portraits: The ResNET-50 pretrained neural model, flattened at the end.
Its last layer is a convolutional layer with an output shape of (7, 7, 2048), where the final
2,048 dimensions corresponds to features exctracted by the model. Due to memory
constraints, this work considered two modalities: featureless (only considering the first
feature, obtaining a ð7; 7; 1Þ-shaped tensor who was then squeezed into a ð7; 7Þ tensor)
and feature-aware (considering all of them). In the first case, the flattened tensor
returned a shape of 49, while in the second case returned a tensor with a shape of
100,352. The specific use of each modality in the experiments is precisely determined
later.

Once embedded with their corresponding sequential layers, the main character inputs
were concatenated and passed to a multilayer perceptron (MLP) whose specifications are
depicted in Table 8 and Fig. 2. The design of this MLP aims to concatenate both main
character inputs and to process them into a unified 768-dimentional embedding.

Finally, the main character output is concatenated with the synopsis GPT-2 embeddings
and passed through a larger MLP (specifications in Table 9), designed to gradually reduce
the dimention to convert it into a singleton suitable for regression over the 1-dimentional
MAL score.

PROPOSED METHOD BASED ON LARGE VISION AND TEXT
MODELS
In order to perform experiments, the dataset was train-test splitted in a 81:100 proportion.
The reason behind that specific ratio is that several animes can share main characters. For

Table 7 Example of a corresponding sample on the dataset for the anime Witch Hunter Robin, with ID 7 and Score 7:25.

Synopsis (with wordcount)

Robin Sena is a powerful craft user drafted into the STNJ —a group of specialized hunters that

fight deadly beings known as Witches. Though her fire power is great, she’s got a lot to learn

about her powers and working with her cool and aloof partner, Amon. But the truth about the

Witches and herself will leave Robin on an entirely new path that she never expected! (66 words)

Main characters

Name (with MAL ID) Description (with wordcount)

Robin Sena (299) Robin Sena is a soft-spoken 15-year-old girl with . . . (144 words)

Amon (300) Amon is a Hunter and is also Robin’s partner… (412 words)

Michael Lee (301) Michael is a hacker and the technical support . . . (133 words)

Haruto Sakaki (302) Haruto Sakaki is an 18-year-old Hunter working with the . . . (167 words)

Miho Karasuma (303) The second in command. Miho is a 19-year-old hunter . . . (73 words)

Yurika Doujima (304) Doujima is portrayed as as carefree, lazy, vain, and . . . (205 words)

Total wordcount: 1,134
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instance, in Table 10, seven out of the fifty four animes in which the main character
Monkey D. Luffy (ID 40) appears are depicted, along with the frequencies of four of his
nakamas (companions): Roronoa Zoro (ID 62), Nami (ID 723), Usopp (ID 724) and
Vinsmoke Sanji (ID 305). As a consequence, it is important to ensure that all animes with
shared main character belongs to the same set so all test samples will corresponds to totally
unseen data.

Train-test splitting
In order to make the custom split, all animes were grouped into clusters with respect of
their shared main characters: if two animes shared a character, they were collocated in the
same cluster. It is worth to note that, for each cluster, it is possible to find two animes with
no shared characters, but a chain of animes who shares characters and who connects them.
For that reason, the next recursive algorithm was employed to generate the clusters,
obtaining 3,987 (out of 7,138 samples):

. For each anime, get all the other animes who shares a main character. Assign to all of
them a number (cluster name).

. Make a second pass across all the dataset. This time, if two animes shares a cluster name,
assign a new cluster name to them.

. Repeat this algorithm until all animes have associated a single cluster name.

Finally, the train-test splitting was performed randomly, but each cluster was
completely contained withing a single split. The training set has 5,852 samples (81:5%)
while the test set has 1,286 samples (18.5%). Fortunately, despite the random splitting,
both sets obtained very similar statistics, as evidenced in Table 11 and Fig. 3 for the
synopsis wordcount, and Table 12 and Fig. 4 for the character wordcount.

Table 8 Specifications of the MLP for main characters embeddings. The last column shows the trainable parameters for each layer: learnable
weights (W) and biases (B). The layers First and Second have two versions, depending of the ResNET-50 modality, featurless (ftl) or feature-aware
(f-a).

Name Type In. Shape Out. Shape Act. Fn. Connects with Train. Params.

First Dropout ðp ¼ 0:1Þ 768þ 49 768þ 49 – Second –

(ftl)

First Dropout ðp ¼ 0:1Þ 768 + 100,352 768 + 100,352 – Second –

(f-a)

Second Linear 768þ 49 768 TanH Third 627,456 (W)

(ftl) 768 (B)

Second Linear 768 + 100,352 768 TanH Third 77,660,160 (W)

(f-a) 768 (B)

Third Dropout ðp ¼ 0:1Þ 768 768 – Fourth –

Fourth Linear 768 768 TanH (Output layer) 589,824 (W)

768 (B)
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Experimental setup
All neural networks were implemented with PyTorch 1.10.1 (Paszke et al., 2019) and run
on an NVIDIA Quadro RTX 6000 GPU with 46 GB of VRAM. In the case of the three-
input deep neural network, the neural network used the Huggingface models (Huggingface,
2022a, 2022b) and all inputs were processed with the Huggingface tokenizers and image
processors. In the case of text, the GPT2Tokenizer returned tensors with shapes the max
lengths depicted on Table 13 (128 for the synopsis and 256 for the character descriptions).
In the case of images, the AutoImageProcessor method returned tensors with shapes

Figure 2 Full three-input deep neural network with output shapes. Input shape of GPT2 for synopsis and main character descriptions was 128
and 256, respectively, and the input shape of the ResNet-50 model was (3,224,224) (RGB channels, and resizing into a 224� 224 square). Addi-
tionally, refer to Table 8 for details about the MLP for characters, trainable parameters and their activation functions, and Table 9 for details about
the Big MLP for classification, trainable parameters and their activation functions. Image credit: https://shmector.com/free-vector/anime/anime_
girl/5-0-54 (Shmector.com; CC0 1.0 Universal Public Domain). Full-size DOI: 10.7717/peerj-cs.2715/fig-2
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(3,224,224), corresponding to an image resize into 224� 224 and the three RGB color
channels.

Five experiments were conducted: the benchmark with the traditional vectorizations
(Trad) aiming to replicate an experiment analogous to the prior work (Armenta-Segura &
Sidorov, 2023; Armenta-Segura, 2023) and the three-input deep neural network with all
inputs (Full), with only synopsis (GPT-2 + MLP), only portraits (ResNET-50 + MLP),
and only descriptions (GPT-2 + MLP). For all inputs, the featureless modalitiy of the

Table 9 Specifications of the MLP for classification. The last column shows the trainable parameters
for each layer: learnable weights (W) and biases (B).

Name Type In. Shape Out. Shape Act. Fn. Connects with Train. Params.

Dropout Dropout ðp ¼ 0:1Þ 768þ 768 768þ 768 – First –

First Linear 768þ 768 768 TanH Second 1,179,648 (W)

768 (B)

Second Linear 768 384 TanH Third 294,912 (W)

384 (B)

Third Linear 384 192 TanH Fourth 73,728 (W)

192 (B)

Fourth Linear 192 96 ReLU Fifth 18,432 (W)

96 (B)

Fifth Linear 96 48 ReLU Sixth 4,608 (W)

48 (B)

Sixth Linear 48 24 ReLU Seventh 1,152 (W)

24 (B)

Seventh Linear 24 12 ReLU Eighth 288 (W)

12 (B)

Eighth Linear 12 6 ReLU Last 72 (W)

6 (B)

Last Linear 6 1 ReLU (logits) 6 (W)

1 (B)

Table 10 As an example of several main characters who appears across several animes (as main
characters), this table shows seven animes (out of 54) in which at least one crewmate of Monkey
D. Luffy (joined during the East Blue saga) appears.

Anime (with ID) Luffy Zoro Nami Usopp Sanji

One piece (21) X X X X X

One piece film: red (50,410) X X X X X

One piece movie 14: Stampede (38,234) X X X X X

One piece: Taose! Kaizoku Ganzack (466) X X X – –

One Piece 3D2Y:… (25,161) X – – – –

One piece: romance dawn Story (5,252) X – – – –

One piece: cry heart (22,661) X – – – –
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Table 11 Statistics for the training and test set of the synopsis. As in Table 5, once again the Samples
column hints at normal distributions in both splits.

Score Samples Max. Words Min. Words Avg. Words

Training set

1–2 1 ð0:02%Þ 55 55 55

2–3 5 ð0:09%Þ 229 25 125

3–4 9 ð0:15%Þ 166 25 82:4

4–5 63 ð1:07%Þ 244 26 76:52

5–6 743 ð12:7%Þ 329 25 81:42

6–7 2,519 ð43:05%Þ 384 25 97:7

7–8 2,128 ð36:36%Þ 100 29 137:77

8–9 378 ð6:46%Þ 180 29 107:08

9–10 6 ð0:1%Þ 174 134 149

Total 5,852 ð100%Þ 581 25 101:37

Test set

1–2 1 ð0:08%Þ 68 68 68

2–3 1 ð0:08%Þ 52 52 52

3–4 2 ð0:16%Þ 87 61 74

4–5 14 ð1:09%Þ 202 27 88

5–6 168 ð13:06%Þ 254 26 92:78

6–7 552 ð42:92%Þ 397 25 97:01

7–8 449 ð34:91%Þ 277 25 114:58

8–9 97 ð7:54%Þ 233 35 136:98

9–10 2 ð0:16%Þ 165 133 149

Total 1,286 ð100%Þ 397 25 96:91

Figure 3 Mean synopsis wordcount in the training (left) and test (right) set. X-axis represents the floor-rounded MAL score. Y-axis is the mean
word counts on synopsis per score. Full-size DOI: 10.7717/peerj-cs.2715/fig-3
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ResNET-50 model is employed due memory constraints as mentioned previously. For
synopsis and descriptions (text inputs), the large MLP depicted in Table 9 was modified by
removing the First layer. For portraits (image inputs), the small MLP depicted in Table 8
served as the base, using the feature-aware modality of the ResNET-50 model and with two
additional linear layers with ReLU activation functions and output shapes of 384 and 1,
respectively, added for regression purposes. Finally, for the traditional methods, the MLP
depicted in Table 6 was used. All experiments utilized the same hyperparameters depicted
in Table 13, except for the epochs, since the experiment Trad employed 30 instead of five as
the other experiments. Additionally, the scores were scaled to range between 0 and 1, with
0 assigned to the minimum score and 1 to the maximum.

RESULTS
Results are depicted in Table 14. Learning curves for each experiment can be found in
Fig. 5. As anticipated in the Introduction, the superior experiment was “Full”, with the best
metrics, the best fitting on the learning curve and without either overfitting nor
underfitting after the first epoch. All non-traditional experiments outperformed the MSE
benchmark.

Table 12 Statistics for the characters.

Split Total characters Max. Words Min. Words Avg. Words

Train set 14,108 3,498 5 110:78

Test set 3,188 2,286 5 114:69

Total 14,602 3,498 5 112:54

Figure 4 Mean character frequency in the training (left) and test (right) set. X-axis represents the floor-rounded MAL score. Y-axis is the mean
amount of characters per score. Full-size DOI: 10.7717/peerj-cs.2715/fig-4

Armenta-Segura and Sidorov (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2715 16/27

http://dx.doi.org/10.7717/peerj-cs.2715/fig-4
http://dx.doi.org/10.7717/peerj-cs.2715
https://peerj.com/computer-science/


DISCUSSION
Three main aspects must to be evaluated in order to interpretate the results: accuracy,
correlations and fitting of learning curves.

Accuracy
Recall that the MSE is calculated with the square values of the differences between the real
and the predicted scores. Hence, a value closer to 0 might seem as the best scenario
possible, as long as the learning curve does not evidence bad fit.

The traditional benchmark yielded a MSE of 0:415, which is more than 34 times the best
result (0:012) and more than 31 times the worst result by neural models (0:013, only
images) as showed in Table 14. Hence, it is possible to state that the accuracy of the
proposed methods is good (when compared with the other experiments).

Table 13 All employed parameters in the experiments.

Parameter Value

Seed 42.

Synopsis pretrained model ‘GPT2’.

Char. Desc. pretrained model ‘GPT2’.

Image pretrained model ‘microsoft/resnet-50’.

Synopsis Tokenizer Max. length 128 (GPT2tokenizer).

Char. Desc. Tokenizer Max. length 256 (GPT2tokenizer).

Image processors parameters Default (AutoImageProcessor).

Image processor resize shape 224� 224 px

Image processor color channels RGB

Optimizer Adam with weight decay (AdamW).

Opt. learning rate 5e�2.

Opt. Epsilon param 1e�8.

Loss function Mean squared error (MSEloss).

Batch size 16.

Epochs 5 (30 for traditional vectorizations).

Table 14 All experiments, sorted by mean squared error (MSE): the lower the value, the best the
result. Moderate correlations are highligted with bold.

Popularity prediction

Experiment Input MSE Pearson Spearman R2

Full All 0:012 0.382 0.362 0:142

GPT-2+MLP Syn. 0:012 0.306 0.327 0:083

GPT-2+MLP Char. (Desc.) 0:012 0.304 0.306 0:094

ResNET-50+MLP Char. (Img.) 0:013 0:293 0:295 0:013

Trad (benchmark) All 0:415 0:083 0:105 �37:591

Armenta-Segura and Sidorov (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2715 17/27

http://dx.doi.org/10.7717/peerj-cs.2715
https://peerj.com/computer-science/


Correlations and R2
The same rule of thumb presented during the data exploration is employed here. However,
in order to understand its true implications with the results, the follow subsections dives
further into both Pearson and Spearman coefficients.

Figure 5 Learning curves for all experiments. From top-left to bottom-right: All inputs (good fit), Syn
+MLP (slightly underfit), Char+MLP (slightly underfit), Img+MLP (notable underfit) and traditional
methods (catastrophic underfit, as expected due the size and complexity of the dataset).

Full-size DOI: 10.7717/peerj-cs.2715/fig-5
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Pearson
According to Berman (2016), the Pearson correlation coefficient aims to measure linear
correlation: the likelihood of the existence of a linear function who maps the independent
variable (predicted scores) into the observed variable (MAL scores). If the correlation is
near to 1, it exists such linear map. When the learning curves have a good fit, this linear
relationship also illustrates how the employed input can impact the popularity of an anime.

This is also a most flexible metric to evaluate performance thanMSE since considers any
linear correlation, beyond the MSE’s considered identity mapping. For instance, if a model
predicts any score X as 2X, its MSE will be bad but its Pearson coefficient would be 1 (the
best possible) and the model could solve the task by considering the inverse mapping (or
an approximation, if not invertible). In general, if T is a linear map and, for each score X,
the model predicts TðXÞ � dX for a very small dX (i.e., dX lies in a tiny neighborhood of
ratious an error e), then the Pearson coefficient will be near to 1� e, suggesting that the
accuracy of the model can be enhanced the most by adding linear operations to its output,

aiming to simulate T�1 þmeanðdXÞ. However, if the error e is big, the probability
entropy of T�1 þmeanðdXÞmight be higher and hence Tmay be not unique, meaning this
a lack of linear correlation and therefore a lack of information from the neural network
(and hence the input features) to solve the task, whenever the learning curves presents
a good fit.

In this case, only images achieved a very low Pearson correlation of 0:293, meaning that
performance cannot be enhanced with solely MLPs although empirical evidence suggests
that leveraging larger versions of ResNET must cushion this issue. Moderate but weak
correlations are achieved from all other experiments, suggesting the existence of some
small parts when a linear map as described before can be approximated.

Spearman
According to Statstutor (2025), the Spearman correlation coefficient is similar to
Pearson’s, but adds monotonicity and works well whenever the data distribution is
similar to normal. In Fig. 6 and Tables 5 and 11 are shown how this condition holds
for this data. It is calculated by the same formula as Pearson, but with the following steps:

. Order all independent variables from lower to higher.

. Order all observed variables from lower to higher.

. Match them with this new order.

This is made through ranks: the lowest variable receives the rank 1, the 2nd lowest the
rank 2 and so on, until the highest variable, who receives the last rank. Finally, two
variables are matched if they share the same rank. If predictions are not monotonic with
respect of the observed variables then this procedure will remove the original matching.
Spearman correlation is, hence, Pearson correlation but calculated with this monotonic
matching. In this case, Spearman coefficients are very close to its Pearson homologous,
meaning that any slightly existent linear correlation is also monotonic.
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R2 score
The R2 score measures the proportion between the variance of the error and the
variance of the observed variables. If its closer to 1 then the predictions are totally
correlated with the golden standard. If it is negative, the model fails totally on capture any
kind of correlation and performs worst than a horizontal line (i.e., making always the
same prediction). Values from 0 to 0:5 can be considered mediocres, 0:5 to 0:75 are
acceptable and 0:75 to 1 are good. However, it is important to also consider how the

Figure 6 Number of animes per MAL score (rounded). From left-right, top-bottom, train split, test split and both. Each split of the dataset shows a
normal-like distribution, which motivates the use of Spearman over other rank-based correlation coefficients, such as Kendall’s Tau.

Full-size DOI: 10.7717/peerj-cs.2715/fig-6

Armenta-Segura and Sidorov (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2715 20/27

http://dx.doi.org/10.7717/peerj-cs.2715/fig-6
http://dx.doi.org/10.7717/peerj-cs.2715
https://peerj.com/computer-science/


learning curves fitted during the training of the model in order to properly evaluate
the performance.

In this case, all R2 measures from all experiments (excluding the Traditional
Benchmark) were between 0:01 and 0:15, with no negative performances. In order to
properly determine the consequences of such scores, the next section will study the
learning curves.

Fitting of learning curves
As evidenced in Fig. 5, all training curves for all cases are not underfitting and have an
acceptable decrease rate. However, the validation curve only presents a good fit in the case
of all inputs, while shows a slight overfit when considering only a subset of them. The
traditional benchmark, on the other hand, presents a catastrophic overfitting due the
failure of this kind of methods on learn something from the data, which brings a solid
proof of the hypothesis from Armenta-Segura & Sidorov (2023). This also coincides with
their R2 score of �37:591.

Image inputs

From all the particular cases, this input showed the widest gap between learning curves.
Along with holding the lowest R2 score and correlation coefficients, the leverage of larger
models is necessary to categorically determine how much impact and scope can have this
kind of data alone for predicting popularity of an anime.

Text-based inputs
Both text inputs showed a similar small gap. This, along with their similar metrics of weak-
moderate correlation, implies that there is still a small room for improve the models.
However, the gap is very small, hence theorizing that the existence of a weak synergy
between plot summaries and main character descriptions with features available after
further investment it is reasonable and could be very close to reality.

All inputs
All inputs yields a good fit starting on Epoch 2. Hence, the room of improvement for this
model may be insignificant and hence it is valid to state that:

. All features together are relevant for determining the popularity of an incoming anime.

. However, they are not decisive enough for properly define and explain it.

As a result, there must exists synergy between all these features combined and others
that become available after further investment, as anticipated in the Introduction. In
conclusion, although there might be significant room for improvement in the image
embeddings, and limited room for improvement in the text embeddings, when considered
together, there is just an insignificant gap to enhance the multimodal model, making the
insights from this study sufficiently reliable.
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A memory constraint with transformer-based models
The proposed GPT-2 model presents the third most pronounced overfitting, only behind
the main character portraits and the Traditional Benchmark. Table 13 shows that the
maximum length for the tokenizer of main character descriptions is 256. However, some of
the anime synopsis, when concatenated, can surpass 1,000 words, as shown in the example
in Table 7. Consequently, the small gap between learning curves in the text-based inputs
can be explained by this loss of crucial information. Hence, further experiments must to be
done in order to answer whether if the employment of larger LLMs such as Llama2
(Touvron et al., 2023) or GPT4 (Achiam et al., 2023) vs. the use of tricks to avoid this
situation (such as processing the text on parts) are the way to eliminate this gap.

CONCLUSIONS
In this article, one of the most robust free datasets for anime popularity prediction only
with features available before huge investments was introduced, relying solely on freely
available internet data. To explore this dataset and its scopes, a deep neural network
leveraging GPT-2 and ResNET-50 was proposed. To measure the performance of the
models, MSE and R2 Score were employed. The best MSE achieved was 0:012, significantly
lower than the benchmark MSE of 0:415, and the best R2 score was 0:142, which far
outperformed the benchmark R2 of �37:591.

The main goal of this work was to answer the follow research question:

RQ: What are the scopes and impact of the available features before
making huge investments, in relation of the popularity of an anime?
Pearson and Spearman correlation coefficients between the predicted and the real scores
were calculated in order to answer it: low correlations, along with a good fit of the learning
curves, means no scope and an absence of impact between the employed features
(embedded via an MLP into a single dimension, equivalent to a popularity score) and
popularity. Moderate correlations with a good fit suggests the existence of a synergy
between this features and other available after further investments (for instance, features
similar to those presented in Wang et al., 2019; Airen & Agrawal, 2023). Finally, high
correlations with a good fit means that these features are capital and decisive with respect
of popularity, and hence it is possible to design truthful models for solving the task relying
solely on this family of features. In this work, the experiment considering all the features
obtained a good fit, but moderate correlations, demonstrating that these set of features are
not enough to explain the popularity of an anime. This encourages the follow further work:

. Studies of synergy for developing evaluation benchmarks and standards for
production: This work demonstrated that features accessible before huge investments
are relevant when determining popularity of an incoming anime. However, it also
demonstrated that they are not decisive. Its outcomes also suggested the existence of a
relevant synergy with other kind of features, which leads to the further work of
determining how this synergy works. On the spirit of aiding companies and animation
houses to avoid financial failures, unveiling the mysteries behind this synergies can also
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leads on the development of benchmarks and standards who may ensure production
quality, and hence maximize the probability of cultural and financial success.

. Explaining the relevance of this features: This work showed, via correlation
coefficients, the relevance of features before huge investments for popularity. Explainable
AI (XAI) techniques could be leveraged over this model in order to explain how and at
which levels each feature is relevant. This could answer several interrogants about how to
guide the production of an anime, given an initial idea which may add to the idea from
the previous point.

. The memory problem with main character descriptions: Truncating main character
descriptions to 256 tokens significantly impacts the results due the information lost,
reflected in the gap between learning curves. This problem, closely related with the
memory constraint of transformer-based models, has these two paths to overcome it:

– To experiment with other language models with less memory requirements. E.g.,
selective state spaces such as Mamba.

– To adjust the input to embed each main character individually. These individual
tensors can then be processed in a miriad of ways, such as averaging them. The
information lost after such processes is an important topic to be explored.

Due to the memory limitations of transformer-based models, it is not trivial to increase
the tokenizer size. Therefore, further work should explore more memory-efficient methods
capable of capturing all information with similar learning capabilities (e.g., Mamba; Gu &
Dao, 2023) or find other alternatives to include all main character information
simultaneously (e.g., generating mean tensors and assessing how much relevant
information is truly lost from doing that). The research question to answer here is what are
the reasons behind the gap presented between the training curves of GPT-2 embeddings,
which also connects with the next further work.

. Larger models for processing the inputs: GPT-2 can be upgraded to GPT-4 or Llama3,
and ResNET-50 can be enhanced to its larger brother ResNET-152, a very deep
pretrained CNN or a vision transformer such as Image-GPT. The moderate Pearson and
Spearman coefficients along with the gap between learning curves indicates that
leveraging larger models can benefit the results. Although it seems to be impossible to
overcome a moderate correlation, larger models could lead to a most exhaustive
processing of the features and, with the help of XAI, provide soundest explanations
about the influence of these features into popularity.

ACKNOWLEDGEMENTS
ChatGPT 3.5 was employed to fix the style and grammar issues in a few paragraphs. The
suggestions were reviewed and revised again as necessary.

Armenta-Segura and Sidorov (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2715 23/27

http://dx.doi.org/10.7717/peerj-cs.2715
https://peerj.com/computer-science/


ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The work was done with support from the Mexican Government through the national
scholarship program of CONAHCYT, Mexico, granted to Jesús Armenta-Segura, grant
A1-S-47854 of CONAHCYT, Mexico, grants 20241816, 20241819, and 20240951 of the
Secretaríıa de Investigación y Posgrado of the Instituto Politécnico Nacional, México. The
funders had no role in study design, data collection and analysis, decision to publish, or
preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
Mexican Government through the National Scholarship Program of CONAHCYT: A1-S-
47854.
Secretaríıa de Investigación y Posgrado of the Instituto Politécnico Nacional, México:
20241816, 20241819 and 20240951.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
. Jesús Armenta-Segura conceived and designed the experiments, performed the
experiments, analyzed the data, performed the computation work, prepared figures and/
or tables, authored or reviewed drafts of the article, made the submission, and approved
the final draft.

. Grigori Sidorov performed the experiments, analyzed the data, prepared figures and/or
tables, authored or reviewed drafts of the article, suggested the journal and the reviewers,
and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The data is available at Zenodo: Armenta-Segura, J. (2024). Popularity Prediction in
Anime with Deep Learning (with dataset) [Data set]. Zenodo. https://doi.org/10.5281/
zenodo.13835115.

The detailed instructions for reproducibility are available at GitHub and Zenodo:
- https://github.com/JesusASmx/Popularity-Prediction-in-Anime-with-Deep-Learning.
- Armenta-Segura, J. (2024). Popularity Prediction in Anime with Deep Learning.

Zenodo. https://doi.org/10.5281/zenodo.13824604.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.2715#supplemental-information.

Armenta-Segura and Sidorov (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2715 24/27

https://doi.org/10.5281/zenodo.13835115
https://doi.org/10.5281/zenodo.13835115
https://github.com/JesusASmx/Popularity-Prediction-in-Anime-with-Deep-Learning
https://doi.org/10.5281/zenodo.13824604
http://dx.doi.org/10.7717/peerj-cs.2715#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.2715#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.2715
https://peerj.com/computer-science/


REFERENCES
Abdalla M, Vishnubhotla K, Mohammad SM. 2021.What makes sentences semantically related?

A textual relatedness dataset and empirical study. ArXiv preprint
DOI 10.48550/arXiv.2110.04845.

Achiam J, Adler S, Agarwal S, Ahmad L, Akkaya I, Aleman FL, Almeida D, Altenschmidt J,
Altman S, Anadkat S, Avila R, Babuschkin I, Balaji S, Balcom V, Baltescu P, Bao H, Bavarian
M, Belgum J, Bello I, Berdine J, Bernadett-Shapiro G, Berner C, Bogdonoff L, Boiko O, Boyd
M, Brakman A-L, Brockman G, Brooks T, Brundage M, Button K, Cai T, Campbell R, Cann
A, Carey B, Carlson C, Carmichael R, Chan B, Chang C, Chantzis F, Chen D, Chen S, Chen
R, Chen J, Chen M, Chess B, Cho C, Chu C, Chung HW, Cummings D, Currier J, Dai Y,
Decareaux C, Degry T, Deutsch N, Deville D, Dhar A, Dohan D, Dowling S, Dunning S,
Ecoffet A, Eleti A, Eloundou T, Farhi D, Fedus L, Felix N, Fishman SP, Forte J, Fulford I,
Gao L, Georges E, Gibson C, Goel V, Gogineni T, Goh G, Gontijo-Lopes R, Gordon J,
Grafstein M, Gray S, Greene R, Gross J, Gu SS, Guo Y, Hallacy C, Han J, Harris J, He Y,
Heaton M, Heidecke J, Hesse C, Hickey A, Hickey W, Hoeschele P, Houghton B, Hsu K, Hu
S, Hu X, Huizinga J, Jain S, Jain S, Jang J, Jiang A, Jiang R, Jin H, Jin D, Jomoto S, Jonn B,
Jun H, Jun H, Jun H, Kamali A, Kanitscheider I, Keskar NS, Khan T, Kilpatrick L, Kim JW,
Kim C, Kim Y, Kirchner JH, Kiros J, Knight M, Jun H, Jun H, Kondrich A, Konstantinidis
A, Kosic K, Krueger G, Kuo V, Lampe M, Lan I, Lee T, Leike J, Leung J, Levy D, Li CM, Lim
R, Lin M, Lin S, Litwin M, Lopez T, Lowe R, Lue P, Makanju A, Malfacini K, Manning S,
Markov T, Markovski Y, Martin B, Mayer K, Mayne A, McGrew B, McKinney SM, McLeavey
C, McMillan P, McNeil J, Medina D, Mehta A, Menick J, Metz L, Mishchenko A, Mishkin P,
Monaco V, Morikawa E, Mossing D, Mu T, Murati M, Murk O, Murk D, Nair A, Nakano R,
Nayak R, Neelakantan A, Ngo R, Noh H, Ouyang L, Keefe C, Pachocki J, Paino A, Palermo J,
Pantuliano A, Parascandolo G, Parish J, Parparita E, Passos A, Pavlov M, Peng A, Perelman
A, Peres FAB, Petrov M, Pinto HPDO, Pokorny MR, Pokrass M, Pong VH, Powell T, Power
A, Power B, Proehl E, Puri R, Radford A, Rae J, et al. 2023. Gpt-4 technical report. ArXiv
preprint DOI 10.48550/arXiv.2303.08774.

Airen S, Agrawal J. 2023. Movie recommender system using parameter tuning of user and movie
neighbourhood via co-clustering. Procedia Computer Science 218:1176–1183 International
Conference on Machine Learning and Data Engineering.

AlSulaim SM, Qamar AM. 2021. Prediction of anime series’ success using sentiment analysis and
deep learning. In: 2021 International Conference of Women in Data Science at Taif University
(WiDSTaif). Piscataway: IEEE, 1–6.

Anime News Network LLC. 2025. AnimeNewsNetwork: encyclopedia. Available at https://www.
animenewsnetwork.com/encyclopedia/.

Armenta-Segura J. 2023. AniMEX-at-COMIA-enhanced. Available at https://github.com/
JesusASmx/AniMEX-at-COMIA-enhanced.

Armenta-Segura J, Sidorov G. 2023. Anime success prediction based on synopsis using traditional
classifiers. In: Proceedings of Congreso Mexicano de Inteligencia Artificial, COMIA.

Armenta-Segura J, Sidorov G. 2024. Anime popularity prediction before huge investments: a
multimodal approach using deep learning. Available at https://doi.org/10.48550/arXiv.2406.
16961.

Berman JJ. 2016. Data simplification: taming information with open source tools. Burlington, MA:
Morgan Kaufmann.

Cohen J. 1992. Statistical power analysis. Current Directions in Psychological Science 1(3):98–101
DOI 10.1111/1467-8721.ep10768783.

Armenta-Segura and Sidorov (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2715 25/27

http://dx.doi.org/10.48550/arXiv.2110.04845
http://dx.doi.org/10.48550/arXiv.2303.08774
https://www.animenewsnetwork.com/encyclopedia/
https://www.animenewsnetwork.com/encyclopedia/
https://github.com/JesusASmx/AniMEX-at-COMIA-enhanced
https://github.com/JesusASmx/AniMEX-at-COMIA-enhanced
https://doi.org/10.48550/arXiv.2406.16961
https://doi.org/10.48550/arXiv.2406.16961
http://dx.doi.org/10.1111/1467-8721.ep10768783
http://dx.doi.org/10.7717/peerj-cs.2715
https://peerj.com/computer-science/


Fandom, Inc. 2025. Dragon Ball Z: Bio-Broly. Available at https://jump.fandom.com/wiki/Dragon_
Ball_Z:_Bio-Broly.

Field S. 2005. Screenplay: the foundations of screenwriting. In: A Delta book. US: Delta Trade
Paperbacks.

Gu A, Dao T. 2023. Mamba: linear-time sequence modeling with selective state spaces. ArXiv
preprint DOI 10.48550/arXiv.2312.00752.

He K, Zhang X, Ren S, Sun J. 2015. Deep residual learning for image recognition. In: 2016 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR). Piscataway: IEEE, 770–778.

Huggingface. 2022a. GPT-2. Available at https://huggingface.co/gpt2.

Huggingface. 2022b. ResNet-50 v1.5. Available at https://huggingface.co/microsoft/resnet-50.

Kickstarter PBC. 2024. HEATHENS: Indie Animated Pilot. Available at web.archive.org/web/
20240web.archive.org/web/20240508180948/www.kickstarter.com/projects/heathens/heathens-
indie-animated-pilot508180948/www.kickstarter.com/projects/heathens/heathens-indie-
animated-pilot.

Kim YJ, Cheong YG, Lee JH. 2019. Prediction of a movie’s success from plot summaries using
deep learning models. In: Ferraro F, Huang T-HK, Lukin SM, Mitchell M, eds. Proceedings of the
Second Workshop on Storytelling. Stroudsburg: Association for Computational Linguistics,
127–135.

Lee J-H, Kim Y-J, Cheong Y-G. 2020. Predicting quality and popularity of a movie from plot
summary and character description using contextualized word embeddings. In: 2020 IEEE
Conference on Games (CoG). Piscataway: IEEE, 214–220.

Maharjan S, Kar S, Montes M, González FA, Solorio T. 2018. Letting emotions flow: success
prediction by modeling the flow of emotions in books. In: Walker M, Ji H, Stent A, eds.
Proceedings of the 2018 Conference of the North American Chapter of the Association for
Computational Linguistics: Human Language Technologies Volume 2 (Short Papers).
Stroudsburg: Association for Computational Linguistics, 259–265.

MyAnimeList Co., Ltd. 2025a. MAL’s Weighted Average Score Defined. Available at https://
myanimelist.net/info.php?go=topanime.

MyAnimeList Co., Ltd. 2025b. MyAnimeList. Available at https://myanimelist.net/.

Oricon News. 2018. [2018 Annual Book Ranking] “Manga Kimitachi wa Dou Ikiru ka” sells over
1.52 million copies! Nogizaka and Keyakizaka members dominate photobooks with 9 titles.
Available at oricon.co.jp/confidence/special/52166/7/.

Paszke A, Gross S, Massa F, Lerer A, Bradbury J, Chanan G, Killeen T, Lin Z, Gimelshein N,
Antiga L, Desmaison A, Kopf A, Yang E, DeVito Z, Raison M, Tejani A, Chilamkurthy S,
Steiner B, Fang L, Bai J, Chintala S. 2019. Pytorch: an imperative style, high-performance deep
learning library. ArXiv preprint DOI 10.48550/arXiv.1912.01703.

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, Blondel M,
Prettenhofer P, Weiss R, Dubourg V, Vanderplas J, Passos A, Cournapeau D, Brucher M,
Perrot M, Duchesnay E. 2011. Scikit-learn: machine learning in Python. Journal of Machine
Learning Research 12:2825–2830 DOI 10.5555/1953048.2078195.

Pilastro E. 2023. Fantasy anime Demon Slayer makes history with incredible box office record.
Guinness Book of World Records. Available at https://www.guinnessworldrecords.com/news/2023/
5/fantasy-anime-demon-slayer-makes-history-with-incredible-box-office-record-750723.

Python Imaging Library (Pillow’s Fork). 2022. Pillow’s Fork official webpage. Available at https://
pillow.readthedocs.io/.

Armenta-Segura and Sidorov (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2715 26/27

https://jump.fandom.com/wiki/Dragon_Ball_Z:_Bio-Broly
https://jump.fandom.com/wiki/Dragon_Ball_Z:_Bio-Broly
http://dx.doi.org/10.48550/arXiv.2312.00752
https://huggingface.co/gpt2
https://huggingface.co/microsoft/resnet-50
web.archive.org/web/20240web.archive.org/web/20240508180948/www.kickstarter.com/projects/heathens/heathens-indie-animated-pilot508180948/www.kickstarter.com/projects/heathens/heathens-indie-animated-pilot
web.archive.org/web/20240web.archive.org/web/20240508180948/www.kickstarter.com/projects/heathens/heathens-indie-animated-pilot508180948/www.kickstarter.com/projects/heathens/heathens-indie-animated-pilot
web.archive.org/web/20240web.archive.org/web/20240508180948/www.kickstarter.com/projects/heathens/heathens-indie-animated-pilot508180948/www.kickstarter.com/projects/heathens/heathens-indie-animated-pilot
web.archive.org/web/20240web.archive.org/web/20240508180948/www.kickstarter.com/projects/heathens/heathens-indie-animated-pilot508180948/www.kickstarter.com/projects/heathens/heathens-indie-animated-pilot
https://myanimelist.net/info.php?go=topanime
https://myanimelist.net/info.php?go=topanime
https://myanimelist.net/
oricon.co.jp/confidence/special/52166/7/
http://dx.doi.org/10.48550/arXiv.1912.01703
http://dx.doi.org/10.5555/1953048.2078195
https://www.guinnessworldrecords.com/news/2023/5/fantasy-anime-demon-slayer-makes-history-with-incredible-box-office-record-750723
https://www.guinnessworldrecords.com/news/2023/5/fantasy-anime-demon-slayer-makes-history-with-incredible-box-office-record-750723
https://pillow.readthedocs.io/
https://pillow.readthedocs.io/
http://dx.doi.org/10.7717/peerj-cs.2715
https://peerj.com/computer-science/


Radford A, Wu J, Child R, Luan D, Amodei D, Sutskever I. 2019. Language models are
unsupervised multitask learners. OpenAI blog 1(8):9.

Ricci F, Rokach L, Shapira B. 2022. Recommender systems: techniques, applications, and
challenges. New York, NY: Springer US, 1–35.

Richardson L. 2007. Beautiful soup 4. Available at https://crummy.com/software/BeautifulSoup/.

Sharma SK, Chakraborti S, Jha T. 2019. Analysis of book sales prediction at amazon marketplace
in india: a machine learning approach. Information Systems and e-Business Management
17:261–284 DOI 10.1007/s10257-019-00438-3.

Sharma J, Chy AN. 2021. Exploiting web snippets for multi-label anime genre prediction. In: 2021
IEEE 18th India Council International Conference (INDICON). Piscataway: IEEE.

Statstutor. 2025. Spearman’s correlation. Available at https://statstutor.ac.uk/resources/uploaded/
spearmans.pdf (accessed 15 September 2024).

Théodose R, Burie J-C. 2023. Kangaiset: a dataset for visual emotion recognition on manga. In:
International Conference on Document Analysis and Recognition. Cham: Springer, 120–134.

Touvron H, Martin L, Stone KR, Albert P, Almahairi A, Babaei Y, Bashlykov N, Batra S,
Bhargava P, Bhosale S, Bikel DM, Blecher L, Ferrer CC, Chen M, Cucurull G, Esiobu D,
Fernandes J, Fu J, Fu W, Fuller B, Gao C, Goswami V, Goyal N, Hartshorn AS, Hosseini S,
Hou R, Inan H, Kardas M, Kerkez V, Khabsa M, Kloumann IM, Korenev AV, Koura PS,
Lachaux M-A, Lavril T, Lee J, Liskovich D, Lu Y, Mao Y, Martinet X, Mihaylov T, Mishra P,
Molybog I, Nie Y, Poulton A, Reizenstein J, Rungta R, Saladi K, Schelten A, Silva R, Smith
EM, Subramanian R, Tan X, Tang B, Taylor R, Williams A, Kuan JX, Xu P, Yan Z, Zarov I,
Zhang Y, Fan A, Kambadur M, Narang S, Rodriguez A, Stojnic R, Edunov S, Scialom T.
2023. Llama 2: open foundation and fine-tuned chat models. ArXiv preprint
DOI 10.48550/arXiv.2307.09288.

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser Ł, Polosukhin I.
2017. Attention is all you need. In: Advances in Neural Information Processing Systems, 30.

Wang X, Yucesoy B, Varol O, Eliassi-Rad T, Barabási A-L. 2019. Success in books: predicting
book sales before publication. EPJ Data Science 8(1):1–20
DOI 10.1140/epjds/s13688-019-0208-6.

Wang X, Zhang S, Smetannikov I. 2020. Fiction popularity prediction based on emotion analysis.
In: Proceedings of the 2020 1st International Conference on Control, Robotics and Intelligent
System, 165–175.

Watanabe H. 2020. Directing at anime/animation studios: techniques and methods. In: Archiving
Movements: Short Essays on Anime and Visual Media Materials V.2. Niigata, Japan: Minori
Ishida, Joon Yang Kim (Archive Center for Anime Studies in Niigata University), 4.

Wikipedia. 2024. Dragon Ball Z: Bio-Broly. Available at https://en.wikipedia.org/wiki/Dragon_
Ball_Z:_Bio-Broly.

Yu J, Yin H, Xia X, Chen T, Li J, Huang Z. 2024. Self-supervised learning for recommender
systems: a survey. IEEE Transactions on Knowledge and Data Engineering 36(1):335–355
DOI 10.1109/TKDE.2023.3282907.

Armenta-Segura and Sidorov (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2715 27/27

https://crummy.com/software/BeautifulSoup/
http://dx.doi.org/10.1007/s10257-019-00438-3
https://statstutor.ac.uk/resources/uploaded/spearmans.pdf
https://statstutor.ac.uk/resources/uploaded/spearmans.pdf
http://dx.doi.org/10.48550/arXiv.2307.09288
http://dx.doi.org/10.1140/epjds/s13688-019-0208-6
https://en.wikipedia.org/wiki/Dragon_Ball_Z:_Bio-Broly
https://en.wikipedia.org/wiki/Dragon_Ball_Z:_Bio-Broly
http://dx.doi.org/10.1109/TKDE.2023.3282907
http://dx.doi.org/10.7717/peerj-cs.2715
https://peerj.com/computer-science/

	Anime popularity prediction before huge investments: a multimodal approach using deep learning
	Introduction
	Methodology
	Proposed method based on large vision and text models
	Results
	Discussion
	Conclusions
	flink7
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


