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Background/Objective: Anime streaming sites collect user data to enhance advertisements and recommendations. While digital
platforms can easily collect large amounts of passive interaction data, other explicit user data - such as voluntary ratings or
sensitive demographic profiles - are scarcer and harder to collect. In this study, we hypothesized that collecting age and gender
was unnecessary because distinct user archetypes derived from scarce ratings could be identified just as well through passive
engagement behaviors.
Methods: To test this, we developed a feature engineering pipeline utilizing individual user rating variance and relative average
difference between a user’s ratings and the average rating for each show to discover distinct personality archetypes. Using
the MyAnimeList dataset, we utilized k-means clustering to identify three user archetypes based on ratings: “Low score/high
variance,” “Average score/variance,” and “High score/low variance.” Then, we evaluated the accuracy of the decision tree, random
forest, XGBoost and LightGBM classifiers using 10-fold cross-validation to predict archetypes based on age, gender, and user
behavioral features.
Results: Experimental results showed that random forest and LightGBM achieved the highest predictive accuracy. Feature
ablation analysis showed that the classifiers after removing age and gender features were statistically equivalent to the models
with all features.
Conclusions: These results supported our hypothesis that for MyAnimeList, viewer identities could be identified just as well
exclusively through passive behavior, and that age and gender are not necessary for categorizing a user’s personality archetypes.

Keywords: User privacy, Behavioral analytics, Anime viewer analysis, Machine learning, Feature engineering, K-means
clustering.

Introduction

Background and Problem Statement

The anime industry is experiencing a surge in popularity in-
ternationally. In the US, nearly 54% of Gen Z identifies them-
selves as anime fans1. Anime platforms employ recommenda-
tion algorithms to promote content based on large volumes of
user data they collect – much of it to predict user archetypes,
the accuracy of which is vital to their business model2. How-
ever, modern recommenders increasingly face a tension be-
tween accuracy and user privacy3.

Three types of features can be collected from user data:

1. Passive engagement features can be systematically col-
lected at low costs4,5;

2. Explicit ratings are scarce because they involve costly
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surveys that many users ignore;

3. Demographic features such as gender or age were heavily
used in early recommenders6,7, but are raising major bias
and privacy concerns8–10.

In this study, we hypothesized that a user’s critical
archetype discovered from explicit user ratings is defined al-
most entirely through their passive behavior rather than age
and gender. To test the hypothesis, we employed a two-stage
clustering-classification machine learning pipeline, to first dis-
cover and label user archetypes from ratings through cluster-
ing, then build classification models to test if removing age
and gender significantly harms the predictive accuracy of the
models from both passive behavior and demographics.

Approach and Findings

We used Kaggle’s public MyAnimeList dataset as our data
source11. After filtering the data to ensure consistency

© The National High School Journal of Science 2026 | 1



and proper focus on the users of interest, we engineered
two features – user rating variance and average relative
difference to anime averages – to establish user critical
archetypes. The clustering analysis with k-means discovered
three user archetypes - “Low score/high variance,” “Average
score/variance,” and “High score/low variance”12. We also
performed Gaussian Mixture Models (GMM) with k=4 to con-
firm the robustness of our conclusion13.

With these clusters, we employed classification models –
decision tree, random forest, XGBoost and LightGBM – to
establish the accuracy baseline with both demographic (age
and gender) and passive behavioral user features14–17. Of the
models, random forest and LightGBM performed the best, for
both using the three classes with k-means and the four classes
with GMM. Statistical tests showed that the random forest is
statistically significantly better than XGBoost, decision tree,
and the two baseline classifiers Majority (always predicts the
majority class) and Stratified (randomly predicts one of the
classes in proportion to their actual distribution). An ablation
study showed that the random forest and LightGBM classi-
fiers are statistically equivalent (margin=0.02) after removing
age and gender for all cases tested. These results supported
our hypothesis that for the MyAnimeList data set, passive be-
havioral features shape anime viewer archetypes from ratings,
rather than age and gender.

Related Work and Recent Literature

Similar work exists in literature. A prior study also applied
k-means to the MyAnimeList dataset18. But their focus was
to segment anime with similar genres, themes, and popular-
ity, rather than focusing on anime viewer archetypes as our
case. Another study identified user segments based on their
ratings19. Their work similarly found three user groups: crit-
ical, lenient, and engagement. But our research has two key
differences:

1. our focus was on anime viewers ratings, while their appli-
cation was physical activity apps using mobile app rating
scale (MARS); and

2. our main focus was to test whether user demographic fea-
tures is informative, while their focus was to use cluster-
ing to improve predictive models (Table 1)

Recommender relies on data sources that capture user be-
haviors and preferences20. Recent literature emphasizes the
growing importance of explainable machine learning and
transparency in recommender systems21–23. In parallel, the
increasing focus on user privacy has driven a surge in privacy-
preserving frameworks24–27. Beyond recommendation sys-
tems, related efforts in user behavioral modeling demonstrate
that user archetypes can be uncovered directly from passive in-
teraction data without collecting user privacy information28.

Modern recommenders also use advanced architectures to
learn transparent, interpretable user segments29–32.

Contributions

Our work provides technical and practical contributions. The
clustering-classification pipeline provides a useful framework
to derive user archetypes and then classify them based on
user features. Our ablation study empirically proved that for
MyAnimelist, age and gender are not important for building
user archetype classifiers. The practical implications of our
results are that sensitive demographic features might not be
necessary, which reduces privacy overhead and concerns.

Methods

A summary of notations, algorithms, and abbreviations used
throughout this study is provided in Table 2. The pipeline of
the entire process-data preparation, feature engineering and
clustering analysis, classification, ablation study, statistical
verification-is illustrated in Figure 1.

Figure. 1 End-to-End pipeline. Flowchart shows data preparation,
feature engineering, clustering analysis, classification with leakage-
free 10-fold cross-validation, ablation study, and statistical verifica-
tion.

Data source

Our data source was the MyAnimeList (MAL) data set from
Kaggle. There are three versions: 1) the original version con-
tains all raw data; 2) the filtered version contains users who
have birth date, location and gender filled; and 3) the cleaned
version filtered out invalid values, such as users with impossi-
bly large numbers of episodes. For our purposes, the cleaned
version was chosen, specifically the animelists cleaned.csv,
anime cleaned.csv, and users cleaned.csv files. We addition-
ally filtered the data to include only users with six or more
ratings and excluded ‘0’ ratings, which represents unknown
ratings.
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Table 1 Comparison of related studies on user profiling, behavioral segmentation, recommender systems, and clustering-based archetype
discovery. The table summarizes dataset sizes, data platforms, clustering approaches, features, classification or recommendation methods,
evaluation metrics, and reported results from prior studies in relation to the present study.

Study Dataset size Platform / data
source

Clustering
method(s)

Features included Classification /
recommendation
method(s)

Evaluation
metrics

Reported results

Tarigan and
Wijaya, 2025

Not specified MyAnimeList
anime-level data

k-means clustering User ratings, popularity,
genres, and themes

Content seg-
mentation for
personalized rec-
ommendations;
no user-archetype
classifier

WCSS, Sil-
houette Score

Identified anime groups: 1)
popular but lower-rated; 2)
moderately popular well-
rated; and 3) niche criti-
cally acclaimed.

Bhattacharya
and Florez-
Arango, 2025

155 physical
activity apps

Mobile health app
ratings with MARS
dimensions

k-means clustering Engagement, functional-
ity, aesthetics, informa-
tion, and user ratings

GAM, k-nearest
neighbors, random
forest, XGBoost,
and support vector
regression

Predictive ac-
curacy, MAE,
and R-squared

Improved accuracy to
88.64% with MAE=0.27.

This study 101,579 users
after cleaning

MyAnimeList
cleaned user and
anime data

k-means with k=3;
GMM with k=4

Rating variance and av-
erage relative difference
for clustering; passive
engagement features
plus age and gender for
classification.

Decision tree, ran-
dom forest, XG-
Boost, and Light-
GBM

For clustering
– WCSS, Sil-
houette Score
and ARI; for
classification -
balanced accu-
racy, macro F1

Removing age and gen-
der produced statistically
equivalent classifiers across
the tested clustering set-
tings.

Clustering analysis

Two features were engineered from the user ratings for the
clustering analysis. The user rating variance (Vu) was defined
as:

Vu =
1

Nu −1

Nu

∑
i=1

(ru,i − ru,mean)
2, (1)

where Vu represents the rating variance of user u, Nu is the total
number of ratings of user u, ru,i is the specific rating given by
user u to anime i, and ru,mean is the mean of all ratings by that
user. The average relative difference (Du) was defined as:

Du =
1

Nu

Nu

∑
i=1

(ru,i −µi), (2)

where µi represents the global mean rating for anime i.
Both features were normalized using the StandardScaler

from the Scikit-Learn library (v1.6.1)33. The KMeans class
from the Scikit-Learn library (v1.6.1) was employed for the
clustering analysis12,33. The default k-means++ initialization
method was employed with a fixed random state=42 to ensure
reproducibility34. A value of k = 3 was selected as a trade-off
between granularity, interpretability and stability. The rest of
the parameters were kept as default.

To test the robustness of our pipeline, we also applied
the GaussianMixture method from the Scikit-Learn library
(v1.6.1) with k = 4, and the resulting labels were employed
in the classification ablation analysis to validate our main con-
clusion.

Classification

The classifiers were built using the DecisionTreeClassifier
and RandomForestClassifier from the Scikit-Learn library
(v1.6.1), the XGBClassifier from the xgboost python package,
and the LGBMClassifier from the LightGBM python pack-
age14–17,33.

The discovered labels from the clustering analysis were
merged into the users cleaned.csv file, which contains user
features. We kept only the passive engagement features and
demographic features for classification. The data set for clas-
sification contained 101,579 unique users after further data
cleaning. Since our classifiers take numerical values as in-
puts, gender was transformed using the LabelEncoder class
from the SciKit-Learn library (v1.6.1)33.

All four classification models were evaluated using 10-fold
cross-validation via the StratifiedKFold class from the Scikit-
Learn library (v1.6.1)33,35. To avoid data leakage, the clus-
tering analysis was incorporated into the cross-validation pro-
cess.

To be specific, in each fold, the out-of-sample fold was first
labeled using the clustering method trained from the in-sample
9 folds, then evaluated using the classifiers trained from the
training set.

To ensure a fair comparison, the shared parameters of
the classifiers were kept the same - max depth=12 and ran-
dom state=42 for all four, and n estimators=200 for random
forest, XGBoost and LightGBM. In addition, because the class
labels were imbalanced, the weights for each class label were
enforced to be the same for all classifiers to encourage more
balanced models.
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Table 2 Nomenclature and abbreviations. A summary of the techni-
cal terms and abbreviations in the study.
Abbreviation
/ Term

Definition Context in Study

MAL MyAnimeList The public anime tracking
dataset from Kaggle used
for all experiments.

Vu User Rating Vari-
ance

Engineered metric measur-
ing the spread of scores
given by user u.

Du Average Relative
Difference

Engineered metric measur-
ing user u’s average de-
viation from global anime
mean ratings.

k-means k-means Cluster-
ing

Clustering algorithm used
as the primary method to
discover 3 user archetypes.

GMM Gaussian Mix-
ture Model

Probabilistic clustering
method applied with k = 4
as a robustness check.

WCSS Within-Cluster
Sum of Squares

Metric used to assess clus-
ter compactness in elbow
analysis.

BIC Bayesian Infor-
mation Criterion

Model selection criteria
used to evaluate the fit for
GMM.

ARI Adjusted Rand
Index

Metric used to evaluate
clustering stability across
perturbations.

DT Decision Tree Supervised tree classifier.
RF Random Forest Ensemble tree classifier.
XGBoost Extreme Gradi-

ent Boosting
Gradient-boosted decision
tree algorithm.

LightGBM Light Gradi-
ent Boosting
Machine

Fast, distributed gradient
boosting framework.

BA Balanced Accu-
racy

Average of recall across all
classes that accounts for
class imbalance.

Macro F1 Macro F1-Score Mean of F1-scores from
each class.

TOST Two One-Sided
Tests

Statistical equivalence test-
ing framework (margin =
0.02, alpha = 0.05).

10-Fold CV 10-Fold Cross-
Validation

Cross-validation procedure
preventing data leakage
across cluster assignment
and training.

Computational Environment and Reproducibility Specifi-
cations

Our implementation was executed in Python 3.13.15 within
a Google Colab Linux x86 64 environment (Kernel 6.6.122+

with Glibc 2.35; 2 CPU hardware runtime with Intel Xeon
CPU 2.20GHz; 12.67 GB of RAM). The software stacks are
scikit-learn (v1.6.1), xgboost (v3.4.1), lightgbm (v4.6.0), pan-
das (v2.2.3), and numpy (v2.1.3).

To ensure reproducibility, a constant seed of ran-
dom state=42 was enforced across 10-fold cross-validation
(StratifiedKFold), cluster initializations, and decision tree
splitting algorithms. To prevent data leakage, features were
normalized with StandardScaler and fitted strictly on the 9 in-
sample folds in each split and used out-of-sample to transform
and label the validation fold.

For clustering, k-means was initialized with init=k-
means++, n init=10, max iter=300, and tol=1e-4, and
Gaussian Mixture Models were executed with covari-
ance type=full, n init=1, max iter=100, and tol=1e-3. For
classification, maximum tree depth was max depth=12 for all
four classifiers (DecisionTreeClassifier, RandomForestClas-
sifier, XGBClassifier, and LGBMClassifier), and ensemble
models incorporated n estimators=200. We enforced balanced
class weighting across all classifiers.

Results

Clustering analysis

Figure. 2 Comparison of the WCSS, Silhouette and ARI for k-
means. WCSS shows that the tightness within clusters decreases
with an increasing number of clusters k. Objective knee detection
shows that k=5 is the choice. Silhouette shows that the separation
between clusters decreases with an increasing number of clusters k.
The k with the highest Silhouette score is usually the choice. Since
the two methods show opposite trends in terms of clustering quality,
we chose k=3 with the highest stability by ARI as the tradeoff.

We applied k-means clustering to discover natural user
archetypes. We engineered two features for the clustering
analysis: 1) user rating variance (Vu) measures how much of
the rating scale 1-10 the user utilizes – higher variances are
expected for more critical users; and 2) average relative differ-
ence (Du) compares the user’s scores to each show’s average
ratings to determine how high their standards are - a lower
average difference is expected for a more critical user. This
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step establishes the labels for classification in the next step.
The clustering analysis allowed us to discover user archetypes
that go beyond simple heuristics, such as using the median of
the engineered features to separate users into archetypes. We
utilized the Elbow, Silhouette and ARI methods to decide the
number of clusters, which suggested that the number of clus-
ters k = 3 provided the highest stability with a reasonable bal-
ance between granularity and interpretability (Figure 2)36–38.

Figure. 3 Visualization of user archetypes from clustering anal-
ysis. We named the three clusters based on the cluster centroids.
“High score/low variance” represents 34123 users who tend to con-
sistently give high scores, “Average score/variance” represents 51878
users who tend to give average scores with reasonable variances, and
“Low score/high variance” represents 15578 users who tend to give
lower scores and use the full range of ratings

We named the three clusters based on their centroids:

1. “Low score/high variance” represented users that used a
wide rating range with high quality bars, meaning a high
user rating variance (Vu = 4.29) and low average relative
difference (Du =−0.81);

2. “Average score/variance” represents common users who
typically align with the crowd, with moderate user rat-
ing variance (Vu = 1.98) and near-zero average relative
difference (Du =−0.1);

3. “High score/low variance” represents anime enthusiasts
who tend to give high ratings regardless of the quality,
with the lowest user rating variance (Vu = 1.26) and the
highest average relative difference (Du = 1.04) (Figure
3).

Since the clustering results feed the labels to the following
classification step, we chose k = 3 with the highest stability
for k-means. To further confirm that our conclusion works
consistently with different clustering methods, we also applied
the Gaussian Mixture Model to our data, with k = 4. The
choice is a tradeoff among BIC, Silhouette and ARI, which

is the optimal choice by BIC from objective knee detection,
with reasonable Silhouette and ARI. For this method, we did
not choose k = 2 with the highest ARI, because it shows the
worst BIC (Table 3).

Classification established accuracy baseline

We trained four classifiers to establish the accuracy baseline –
decision tree, random forest, XGBoost and LightGBM using
both demographic (age and gender) and engagement features.
In addition, we established two baseline classifiers: Majority
always predicts the majority class, and Stratified predicts each
class with an equal probability. We removed irrelevant fea-
tures such as username and access rank (the “scrape order”
of a user’s data). We also removed the mean score to ensure
model integrity, because it is an input to our engineered fea-
tures Du and Vu for clustering. We also dropped the location
feature because it is very noisy, due to the lack of regulation
or uniformity for the format. For example, users could type
in meaningless strings as locations with no restriction. Addi-
tionally, the original birthdays were dates separated by dashes
(e.g. 1996-02-04) which could not be used to directly train
models that required numeric values. We subtracted 2026-01-
01 by their birthdates, then saving results in terms of the total
number of months each user has lived.

We evaluated the classifiers with two metrics: balanced ac-
curacy (BA) and macro F139. We employed two statistical
tests to compare the classifiers: the corrected resampled t-test
and two one-sided tests (TOST) with margin=0.02, both with a
significance level of 0.0540–42. With no-leakage 10-fold cross-
validation, we observed that the random forest (RF) model
significantly outperformed Majority, Stratified, decision tree
(DT) and XGBoost by both metrics and statistical tests (t-test
p<0.05; TOST p>0.05), with labels discovered by both k-
means and GMM. However, the results are inconclusive that
random forest is significantly different from LightGBM: with
labels from k-means, the two classifiers are statistically signif-
icantly different but equivalent; with labels from GMM, Light-
GBM achieved significantly better BA, but significantly worse
macro F1. From the observed results, we chose both random
forest and LightGBM as the classifiers for the ablation study
(Table 4).

We report more detailed metrics from the random forest
model using labels from k-means (Table 5 and Table 6).
The results showed that although with performance disparity
across the class labels, random forest makes meaningful pre-
dictions for all classes. It achieved the highest F1 for the High
score/low variance class, which has the second highest sup-
port. Although RF performed the worst for the Low score/high
variance minority class, it achieved better accuracy than the
two baselines. Compared to Majority or Stratified, who out-
perform random forest on the majority class (F1 score 0.68 ±
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Table 3 Summary of clustering performance. The WCSS/BIC, Silhouette and ARI are reported for each method and k combination. For k, the
values with * are the optimal choices from objective knee detection. The two rows in bold are chosen for the analysis. For k-means, k = 3 is
chosen with the highest ARI, for GMM, k = 4 is chosen as a trade-off among all metrics.
Clustering Classifier BA Macro F1 t-test p (BA) TOST p (BA) t-test p (F1) TOST p (F1)
k-means Majority 33.33%±0.00% 0.2258±0.0020 <0.0001 1 <0.0001 1
k-means Stratified 33.07%±0.32% 0.3307±0.0032 <0.0001 1 <0.0001 1
k-means DT 48.14%±0.29% 0.4426±0.0061 <0.0001 0.998 <0.0001 0.9981
k-means XGBoost 43.98%±0.48% 0.4369±0.0064 <0.0001 1 <0.0001 1
k-means LightGBM 51.58%±0.4% 0.4667±0.0032 0.009 <0.0001 <0.0001 <0.0001
k-means RF 51.11%±0.49% 0.4767±0.0032 NA NA NA NA
GMM Majority 25%±0.00% 0.1726±0.0026 <0.0001 1 <0.0001 1
GMM Stratified 25.08%±0.24% 0.2508±0.0023 <0.0001 1 <0.0001 1
GMM DT 38.66%±0.82% 0.3138±0.0053 <0.0001 0.9421 <0.0001 1
GMM XGBoost 31.05%±0.44% 0.3061±0.0053 <0.0001 1 <0.0001 1
GMM LightGBM 42.73%±0.63% 0.3399±0.0048 0.0003 0.1222 <0.0001 0.6288
GMM RF 41.09%±0.77% 0.3608±0.0060 NA NA NA NA

Table 4 Summary of classifier performance with full features. The balanced accuracy (BA) is reported as a percentage, and the F1 is reported
as a decimal by convention. For both metrics, we report the mean and standard error (SE) from 10-fold cross-validation. For each metric, the
p values from the corrected resampled t-test and TOST (two one-sided tests, margin=0.02) equivalence test were reported by comparing the
random forest (RF) to the corresponding method. For both tests, the significance level was set at 0.05. All reported metrics are rounded to
four decimal places. The insignificant p values were bolded. The two best classifiers are RF and LightGBM, which are chosen for the ablation
study.
clustering classifier BA Macro F1 t-test p (BA) TOST p (BA) t-test p (F1) Tost p (F1)
k-means Majority 33.33%±0.00% 0.2258±0.0020 <0.0001 1 <0.0001 1
k-means Stratified 33.07%±0.32% 0.3307±0.0032 <0.0001 1 <0.0001 1
k-means DT 48.14%±0.29% 0.4426±0.0061 <0.0001 0.998 <0.0001 0.9981
k-means XGBoost 43.98%±0.48% 0.4369±0.0064 <0.0001 1 <0.0001 1
k-means LightGBM 51.58%±0.4% 0.4667±0.0032 0.009 <0.0001 <0.0001 <0.0001
k-means RF 51.11%±0.49% 0.4767±0.0032 NA NA NA NA
GMM Majority 25%±0.00% 0.1726±0.0026 <0.0001 1 <0.0001 1
GMM Stratified 25.08%±0.24% 0.2508±0.0023 <0.0001 1 <0.0001 1
GMM DT 38.66%±0.82% 0.3138±0.0053 <0.0001 0.9421 <0.0001 1
GMM XGBoost 31.05%±0.44% 0.3061±0.0053 <0.0001 1 <0.0001 1
GMM LightGBM 42.73%±0.63% 0.3399±0.0048 0.0003 0.1222 <0.0001 0.6288
GMM RF 41.09%±0.77% 0.3608±0.0060 NA NA NA NA

0.01 and 0.51 ± 0.01 respectively), but could not learn mean-
ingful patterns for the other two classes (random forest F1:
0.38 ± 0.01, VS Majority F1: 0.00 ± 0.00 and Stratified F1:
0.15 ± 0.01).

Model accuracy remained after removing age and gender

To test our hypothesis that user archetypes are mainly decided
by their passive behavioral features, we re-trained the ran-
dom forest and LightGBM models after ablating age and gen-
der, for labels discovered from both k-means (k=3) and GMM
(k=4). We evaluated the models using balanced accuracy (BA)
and macro F1.

With k-means discovered labels, both the corrected resam-
pled t-test and TOST (margin=0.02) test showed that ablation

insignificantly affected accuracy. With GMM discovered la-
bels, the corrected resampled t-test showed a significant dif-
ference with ablation for random forest on balanced accuracy
and macro F1.

A significant difference was also shown for the macro F1
of LightGBM. On the contrary, the TOST test (margin=0.02)
showed that the ablated classifiers were equivalent for all
cases. With the above results, we concluded that ablating age
and gender yielded classifiers with equivalent balanced accu-
racy and macro F1 (Table 7).

We employed the random forest model with k-means labels
to study the importance of the behavioral features involved.
The Gini method showed that drop rates (user dropped)
were the most important feature43. To validate this re-
sult, we reported the correlation matrix of all behavioral fea-
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Table 5 The classification report of random forest (k-means). The metrics are reported as the mean and standard error (SE) from 10-fold
cross-validation. Compared to the two baselines, RF’s accuracy is more balanced across all classes.

Recall Low score/high variance Recall Average score/variance Recall High score/low variance
True Low score/high variance 51.32% ± 1.22% 31.30% ± 1.14% 17.38% ± 0.85%
True Average score/variance 28.08% ± 0.50% 40.48% ± 0.65% 31.45% ± 0.67%
True High score/low variance 11.86% ± 0.57% 26.60% ± 1.22% 61.54% ± 1.11%

Table 6 The out-of-sample confusion matrix of random forest (k-means; recall%). The table reports the mean and standard error (SE) of recall
percentages from 10-fold cross-validation. The two baseline classifiers performed worse by only being able to predict the majority class, where
RF predicts meaningfully across all labels.

Recall Low score/high variance Recall Average score/variance Recall High score/low variance
True Low score/high variance 0.00% ± 0.00% 100.00% ± 0.00% 0.00% ± 0.00%
True Average score/variance 0.00% ± 0.00% 100.00% ± 0.00% 0.00% ± 0.00%
True High score/low variance 0.00% ± 0.00% 100.00% ± 0.00% 0.00% ± 0.00%

Table 7 Summary of ablation study. Random forest and LightGBM with age and gender ablated were compared to the models with full features,
for both balanced accuracy (BA) and macro F1. For both metrics, we report the mean and standard error (SE) from 10-fold cross-validation.
For each metric, the p values from the corrected resampled t-test and TOST (two one-sided tests, margin=0.02) equivalence test were reported
by comparing the ablated model to the corresponding model with full features. The significance level was set at 0.05. All reported metrics are
rounded to four decimal places. The significant p values were bolded. Ablating age and gender yields equivalent classifiers in all cases.
Clustering Classifier BA F1 t-test p (BA) Tost p (BA) t-test p (F1) Tost p (F1)
k-means RF 51.11%±0.49% 0.4767±0.0032 NA NA NA NA
k-means RF ablated 50.96%±0.5% 0.4781±0.0038 0.2664 < 0.0001 0.2377 < 0.0001
k-means LightGBM 51.58%±0.4% 0.4667±0.0032 NA NA NA NA
k-means LightGBM ablated 51.55%±0.46% 0.4666±0.0038 0.7644 < 0.0001 0.9036 < 0.0001
GMM RF 41.09%±0.77% 0.3608±0.0060 NA NA NA NA
GMM RF ablated 40.83%±0.66% 0.3585±0.0055 0.012 < 0.0001 0.0159 < 0.0001
GMM LightGBM 42.73%±0.63% 0.3399±0.0048 NA NA NA NA
GMM LightGBM ablated 42.49%±0.66% 0.3350±0.0052 0.1564 < 0.0001 0.0056 < 0.0001

tures, which showed that user dropped has moderate correla-
tions with user completed (0.31), stats episodes (0.30), and
user days spent watching (0.30), but not highly correlated to
other features (Figure 4).

We ran permutation importance on the held-out folds,
which also showed that user dropped was the most impor-
tant feature with importance=0.1758±0.001, which was much
higher than the second most important feature user watching
(importance=0.0503±0.0009) (Figure 5)44.

To further validate this observation, we compared
ablating user dropped to ablating the activity feature
group (user completed, user dropped, user watching,
user plantowatch, stats episodes, user days spent watching).

The results showed that ablating user dropped reduced the
balanced accuracy by 0.0653, and ablating the activity fea-
ture group reduced the balanced accuracy by 0.0889. With
the above results, we concluded that user dropped is the most
important feature among all behavioral features we tested for
classifying the user archetypes we discovered.

Discussion

Restatement of Findings

The results suggest that user archetypes from rating behaviors
are primarily driven by passive engagement features rather
than age and gender.

Clustering analysis helped us identify three archetypes. The
feature ablation experiment based on the random forest model
showed that removing age and gender resulted in only a
marginal and statistically insignificant decrease in accuracy,
which supported our hypothesis that passive behavior is the
primary predictor of user archetypes from ratings.

This suggests that recommendation systems and advertis-
ing algorithms in streaming sites should focus primarily on
passive user engagement rather than age and gender when ex-
plicit user ratings are not available. Terminating the collection
of age and gender from users not only benefits public percep-
tion for a streaming service but also reduces the privacy over-
head and the expenses spent on data collection.
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Figure. 4 Correlation matrix of the features. Feature user dropped
has moderate correlations with user completed (0.31), stats episodes
(0.30), and user days spent watching (0.30).

Figure. 5 Importance of behavioral features from Permutation
Importance. Feature user dropped was shown to have the highest
importance.

Alternative interpretations of the clustering result

Although we interpreted the discovered clusters as user
archetypes (e.g., lenient enthusiasts versus experienced users
with high quality bars), other alternative mechanisms may ac-
count for these results.

The “High score/low variance” cluster may represent anime
viewers who mainly consume highly rated titles or specific
genres they favor, rather than rookie viewers who are lenient.
Users who follow the platform recommendations that are tai-
lored to their tastes or primarily read titles that are highly
ranked are more likely to give higher ratings.

The “Low score/high variance” cluster could represent log-
ging bias rather than having high quality bars. Users in this

cluster might have higher motivation to report lower ratings
when they dislike a title.

Production Considerations

In a production environment, this work can serve as an
upstream module to feed user archetypes to downstream
recommenders, which can tailor recommendations to user
archetypes. For example, collaborative filtering thresholds can
be adjusted higher for “Low score/high variance” users and
lower for “High score/low variance” users. In practice, our
work supported that user archetypes can be predicted with pas-
sive engagement features in real time, instead of relying on
demographic features that require user consent, such as age
and gender.

Periodic updates are required to capture temporal shifts in
user behavior. A novice user might be classified as a “High
score/low variance” user when they just got started, but might
transition into a “Low score/high variance” user with more
experience. To maintain the accuracy of the system, the clas-
sifiers need to be retrained with a given schedule (for exam-
ple, on a weekly or monthly schedule). In addition, a pro-
duction system shall also monitor metrics for data distribution
changes and refresh the classifiers when certain conditions are
triggered.

Limitations and Future Work

There are several limitations to this study. Our data set and
features depend entirely on MyAnimeList. The conclusions
may not generalize to other streaming services due to the lack
of external validation. After excluding the invalid ‘0’ ratings
that are not possible on the website, we also filtered out users
that had rated less than 6 shows to ensure that the target demo-
graphic not only includes more impactful users but also users
with the ability to accurately rate shows through comparison.
The 6-ratings rule filtered out 4,817 out of the 106,396 total
users, which represents 4.53% of the total user base. Although
only a moderate percentage of users were dropped from the
study, our conclusion shall be interpreted as being valid for
more engaged users because of this limitation.

Because archetype ground truth does not exist in our data
set. Our classifiers rely on the labels from the clustering anal-
ysis, which is subject to uncertainty itself. This may contribute
to the moderate classification accuracy. Our most accurate
models (random forest and LightGBM) achieved a balanced
accuracy of around 51%. Although it is better than the 33%
balanced accuracy of a random classifier, this accuracy is low
for a modern classifier. The low accuracy suggests that classi-
fication models need better predictors in addition to the behav-
ioral features collected by MyAnimeList. However, the clas-
sifier with only user interaction features can be useful in cer-
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tain real applications. For example, to address the cold-start
problem in a recommendation system with privacy awareness,
such a classifier can provide a statistically significantly better
starting point than the random baseline for the system.

Our study only relied on the prediction models’ ability to
predict user archetypes, which is only one of the many impor-
tant pieces for advertisement and recommendation algorithms.
Conclusions about other important pieces of information like
correlations between specific shows and user personal prefer-
ences cannot be drawn from our study. Lastly, while we deter-
mined that age and gender are demographic features that can
be removed, other demographic features such as location were
not properly tested due to lack of access, so conclusions on
demographic features in general can only be drawn by extrap-
olating the trend seen in those two to cover other demographic
features in general.

While the MyAnimeList data set collects user fea-
tures that reflect temporal properties (months since join,
active duration months, months since last online, user days
spent watching), it only provides aggregated user histories

rather than temporal logs. As a result, evaluating the tem-
poral stability of user archetypes is beyond the scope of the
available data.

In this paper, our scope was limited to user archetype anal-
ysis for anime. Future work will include applying the method-
ology to more types of analysis for more applications, which
could be more impactful to the online ecosystem. Further-
more, the clustering and classification analysis in this study
can benefit from improved feature collection and engineering,
which would make our analysis more useful for real-world ap-
plications. Lastly, including more demographic features in the
feature ablation study could further strengthen our conclusion,
or help identify the demographic or other types of sensitive
features that are necessary to collect.

Conclusion

Empirical Findings

User privacy has been an important topic with the prevalence
of online activities. Anime platforms often collect user data
for analysis to improve their systems, many of which cause
privacy concerns. For example, the collection of age and gen-
der is often under strict scrutiny. In this study, we hypoth-
esized that user archetypes discovered from ratings can be
predicted by their interactions with the platforms. We tested
our hypothesis using the MyAnimeList data set. By utilizing
machine learning concepts – clustering and classification, we
identified three distinct user archetypes and then trained mod-
els to classify anime viewers into the identified archetypes. A
feature ablation study with the most accurate models showed
that the predictive accuracy was not harmed after removing

age and gender, which supported our hypothesis. The results
showed that age and gender are not necessary for analyzing
user archetypes, therefore eliminating the need for anime plat-
forms to collect such features for the relevant applications.

Broader Speculative Implications

These empirical results suggest broader potential implications
for recommendation systems. If the findings generalize be-
yond the MyAnimeList users, the collection of certain explicit
demographic features such as age and gender may be unneces-
sary for learning user archetypes. An example of such an ap-
plication is the cold-start problem for early-stage recommen-
dations. With this premise, modern recommenders can reduce
privacy compliance overhead and build trust with privacy-
aware systems without sacrificing accuracy. These potential
benefits remain speculative until large scale external valida-
tions are conducted across more use cases.
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Appendix
The source code is available on Github at https://github.com/Kad
enLu/Kaden-s-Individual-Project/tree/main.
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