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Integrating Linguistic Features with IndoBERT
for Detecting Underage-Associated Comments
in Indonesian YouTube

Inez Nurdika Irzani', Maya Rini Handayani?, Dwi Pebrianti®, Khothibul Umam**

Abstract—Indonesia has issued Government Regulation No. 17
of 2025 on Electronic System Governance for Child Protection
(PP TUNAS), which prohibits independent access to digital
platforms for individuals under 16. However, age verification
remains difficult since users may provide fake birth dates during
registration. This study aims to develop a hybrid text
classification framework that integrates IndoBERT contextual
embeddings with eight handcrafted linguistic features (teen_score,
adult_score,  emotion_score,  grammar_score,  word_count,
exclamation_count, question_count, and teen_adult ratio) to
identify underage-associated comments on Indonesian YouTube.
This study collected 37,450 comments from 271 videos using the
YouTube Data API v3 and validated annotation consistency
through manual labeling of 500 stratified samples, achieving
Cohen's Kappa of 0.853 (almost perfect agreement). To address
severe class imbalance, in which under-16 samples accounted for
only 1.64%, then applied stratified 5-fold cross-validation with
weighted sampling. The hybrid model achieved F1-scores of
0.7777 = 0.0680 (cross-validation) and 0.9609 (test set). Ablation
experiments confirmed explicit age disclosures are essential for
the current annotation strategy. Although no significant
performance difference was observed versus IndoBERT-only (p =
0.5743), the hybrid model provides explicit linguistic evidence
through SHAP and LIME analyses, substantially improving
interpretability. This makes the proposed framework suitable for
transparent policy-oriented comment screening under PP
TUNAS.

Index Terms—IndoBERT, linguistic features,
underage-associated comment detection, text classification,
YouTube comments.
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I. INTRODUCTION

Government Regulation No. 17 of 2025 and Ministerial
The Indonesian digital child protection policy is presently
based on Regulation No. 9 of 2026 which prohibits independent
access to digital platforms for individuals under the age of 16
years as of March 28, 2026 [1]. The regulation targets
approximately 70 million Indonesian youngsters and requires
sites such as YouTube, TikTok, Facebook, Instagram, Threads,
X, Bigo Live, and Roblox to shutter the accounts of underage
users [1]. However, age verification is challenging because
users can easily fake birth dates during registration [2]. Instead,
digital platforms may need to consider comments that exhibit
linguistic patterns associated with underage users, rather than
relying solely on self-reported account information.

Social media sites produce a large volume of unstructured
textual data regularly [3]. According to the 2026 APIJII study,
44.9% of Indonesian internet users spent 1-2 hours per day on
social media, while 37.9% spent 2-3 hours every day. This
level of engagement is producing large volumes of
user-generated textual content suitable for natural language
processing research [4]. The growing volume of user-generated
content on social media platforms has made automated text
analysis increasingly important for policy enforcement, content
moderation, and child protection initiatives. This abundance of
publicly available textual data provides a rich foundation for
developing natural language processing models capable of
identifying behavioral and demographic patterns from language
use alone. Recent studies have demonstrated the effectiveness
of unsupervised machine learning approaches for analyzing
political discourse in Indonesian social media [5].

YouTube is one of the platforms that offers one of the
richest publicly available sources of user interactions through
comment sections. It thus is a suitable resource for
comment-level analysis [6]. Previous work has shown that
natural language processing techniques may predict
demographic factors such as age and gender from textual
communication [7], [8]. Thus, YouTube comments are an
important resource for automated underage identification
systems at the comment level. By looking at language at the
comment level, authors can obtain another behavioral indicator
that can be added to current verification systems without
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knowing who someone is, unlike traditional age verification,
which relies on account information a user supplies.

However, age identification on Indonesian social media
remains difficult due to the characteristics of online
communication, such as slang, code-mixing, abbreviations, and
nonstandard words [9]. Linguistic behavior is also specific to
age groups. Younger users are more likely to use casual
language, emoticons, and first-person sentences, while senior
users tend to employ more formal linguistic patterns [8]. These
linguistic disparities show that age-related language models
might be valuable markers in recognizing remarks connected to
underage users.

However, the rapid development of transformer-based and
hybrid text classification models has not been matched by
sufficient research on identifying underage-associated remarks
on Indonesian social media, notably in the YouTube comment
environment. Furthermore, most prior research has focused
more on prediction accuracy than on interpretability, despite
the latter's significance for policy-related applications. Also,
the evaluation of explainability approaches is still an open
problem [10]. The lack of interpretability in deep learning
models poses a significant barrier to their adoption in
policy-sensitive applications, where regulators and platform
moderators require transparent reasoning to justify automated
decisions. Without clear explanations, even highly accurate
models may be deemed unreliable or untrustworthy,
particularly when their predictions could affect the rights and
privacy of underage users. To address this, recent advances in
explainable AI (XAI), such as SHAP [11] and LIME [12], offer
methods for interpreting complex model predictions, yet their
application to age-associated comment detection on Indonesian
social media remains unexplored. This study addresses these
gaps by proposing a hybrid IndoBERT framework that
integrates contextual embeddings with eight handcrafted
linguistic features: feen score, adult score, emotion_score,
grammar_score, word_count, exclamation_count,
question_count, and teen_adult ratio. The proposed approach
is systematically compared with an IndoBERT-only baseline
and Logistic Regression using TF-IDF representations. This
study aims to evaluate whether underage-associated comments
can be accurately identified from Indonesian YouTube
comments while improving interpretability without sacrificing
predictive performance.

This study proposes a hybrid framework that integrates
IndoBERT contextual embeddings with handcrafted linguistic
features to improve interpretability in  Indonesian
underage-associated comment detection, without sacrificing
predictive performance. The framework is evaluated using
stratified 5-fold cross-validation and an independent test set,
while SHAP and LIME enhance model interpretability to
support transparent, policy-oriented content
moderation—Section II reviews related studies. Section III
describes the research method. Section IV presents
experimental results and discussion. Section V concludes the
study.

Unlike previous studies that focus on classification
accuracy, this study integrates manually engineered age-related
linguistic ~ indicators ~ with  contextual  Transformer
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representations to improve interpretability in policy-oriented
underage comment detection. To the best of our knowledge,
this is the first study to combine IndoBERT contextual
embeddings with manually engineered age-related linguistic
features for comment-level underage-associated language
detection on Indonesian YouTube.

II. RELATED WORK

Transformer models and hybrid architectures like
ConvBiLSTM [13] have advanced social media text
classification. IndoBERT has performed well on Indonesian
NLP tasks, including toxic comment detection [13], COVID-19
status classification [15], and online gambling advertisement
detection [16], as well as COVID-19 booster vaccine sentiment
analysis on Twitter using a multi-class Support Vector Machine
approach, which demonstrated that kernel selection and
multi-class strategies significantly influence classification
performance on Indonesian social media text [17]. However,
Transformer-based models may not fully capture explicit
linguistic cues related to age-specific communication patterns
[18]. This limitation is particularly relevant in demographic
inference tasks, where subtle linguistic variations across age
groups often manifest through surface-level lexical choices
rather than deep semantic structures. Handcrafted linguistic
features can bridge this gap by explicitly capturing these
surface-level markers, thereby complementing the contextual
understanding provided by Transformer-based models. Hybrid
techniques that combine contextual embeddings with
handcrafted linguistic features have gained interest in
addressing this [19]. For instance, a hybrid approach
combining Sentence-BERT and TF-IDF has been successfully
implemented for semantic matching in an Islamic jurisprudence
chatbot, demonstrating the effectiveness of combining
contextual embeddings with statistical text representations for
Indonesian language applications [20].

The theoretical basis for incorporating handcrafted
linguistic features lies in their complementarity with
Transformer embeddings. While IndoBERT captures semantic
relationships through large-scale pretraining, it does not
explicitly encode domain-specific linguistic markers crucial for
demographic inference [8]. Handcrafted features, by contrast,
capture explicit surface-level characteristics, such as lexical
choice and syntactic complexity, that are empirically linked to
age-related communication patterns [8], [21]. This
complementarity provides a more complete picture of
demographic linguistic signals in informal social media
contexts.

Demographic groups can be distinguished by lexical
complexity, sentence length, punctuation, and linguistic
patterns [21]. Hybrid architectures have improved performance
in emotion classification, cyberbullying detection, and
offensive language analysis [22], [23], [24]. Similar
improvements have been reported in social media hoax
detection using hybrid Bi-LSTM and CNN architectures [25].
In addition, studies on imbalanced classification have shown
that data augmentation techniques such as Synthetic Minority
Over-sampling  Technique (SMOTE) and Generative
Adversarial Networks (GANs) can significantly improve the
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performance of classifiers on minority-class detection tasks,
which is directly relevant to the severe class imbalance problem
addressed in the present study [26]. Additional studies have
highlighted hazards of social media content aimed at young
people [27]. Hybrid techniques have also been investigated for
text summarization [28] and text classification [29], [30].

However, most hybrid studies focus on general text
classification without demographic inference, rarely examine
interpretability benefits crucial for policy applications, and
predominantly use non-Indonesian contexts. In the Indonesian
context, conventional machine learning approaches such as
Support Vector Machine have been successfully applied to
classify public opinion on political discourse, providing a
relevant  baseline  for evaluating more  complex
Transformer-based architectures [31]. while other studies have
demonstrated the effectiveness of machine learning algorithms
such as C4.5 and SVM in predicting student dropout based on
academic performance indicators, further confirming the
applicability of these methods to classification tasks involving
imbalanced educational data [32]. Overall, previous studies
suggest hybrid techniques improve text classification by
combining contextual semantic representations  with
complementary linguistic information [19], [22]-[30].
However, detecting underage-associated comments in
Indonesian YouTube remains underexplored.

Existing studies have primarily emphasized classification
accuracy across general text classification tasks. At the same
time, limited attention has been given to identifying
age-associated linguistic patterns in Indonesian social media
under severe class imbalance. Moreover, few studies have
examined whether explicit handcrafted linguistic indicators
provide complementary explanatory value when integrated
with Transformer-based language models. This study addresses
these research gaps by systematically comparing contextual
and hybrid representations for comment-level detection of
underage-associated language, with explicit attention to both
predictive performance and interpretability.

To systematically identify the research gap addressed by
this study, the following tables summarize the comparative
analysis of prior studies across six key dimensions, highlighting
the novelty of the proposed approach. The comparative analysis
is divided into two tables to clearly distinguish between
methodological approaches and interpretability aspects. Table
1 presents a comparative analysis of prior studies across six key
dimensions: dataset domain, methodological approach, use of
hybrid architectures, explainability, age-detection focus, and
language coverage. This comparison reveals that no existing
study has simultaneously combined IndoBERT with
handcrafted linguistic features for age-associated comment
detection in Indonesian social media while maintaining
interpretability.

In addition to methodological differences, the following
table highlights the interpretability and age-detection focus of
each study, along with their respective limitations. Together,
Tables 1 and 2 reveal that previous studies either focused on
general Indonesian NLP tasks without demographic inference,
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employed deep learning without explicit linguistic
interpretability, or addressed age detection but in
non-Indonesian contexts. To the best of our knowledge, this
study is the first to systematically integrate IndoBERT with
handcrafted linguistic features for interpretable detection of
underage-associated comments in Indonesian YouTube,
addressing the gap between predictive performance and
policy-relevant explainability.

Table 1.
Comparison of Methodological Approaches in Demographic Text
Classification
Study Domain Method Hybrid  Indonesian
Koch et al. Instant Linguistic X X
[8] messages analysis
Clinical
Gao et al. [21] text BERT X X
Ahmadian et . .
al. [22] Emotion Hybrid v v
Hafiza & Cyberbullyi ~ IndoBERT + v v
Setiawan [23] ng CNN-LSTM
Lantang et al. Bi-LSTM +
[25] Hoax CNN v v
Bages[t;;]i et al. Hate speech ~ Transformer X v
Nab“[lf;‘]e’ @ Multislabel  TndoBERT X v
Youtube IndoBERT +
Current study Linguistic N v
comments
features
Table 2.
Comparison of Interpretability and Age Detection Focus
. Age S
Study Explainable Detection Limitation
Koch et al. [8] N N No deep learning
No linguistic
Gao et al. [21] X features
Ahmadian et al. [22] X X Not demographic
Hafiza c[?;SS]etlawan X X No age detection
Lantang et al. [25] X X No age detection
Bagestra et al. [9] X X Not age-focused
.. General
Nabiilah et al. [14] X X classification
Current study v v Policy-oriented

III. RESEARCH METHOD

A. Research Design

The overall research methodology is provided in Fig. 1. The
suggested approach consists of three major steps: collecting
37,450 YouTube comments using the YouTube Data API v3
and annotating them via rule-based pattern matching. Second,
the procedure is divided into two preparation streams: minimal
pre-processing for IndoBERT to preserve contextual
information and normalized pre-processing for custom
linguistic feature extraction. Third, the fusion of these two
representations into a hybrid feature vector for classification
and evaluation using three separate models. Stratified 5-fold
cross-validation with weighted sampling was employed to
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address severe class imbalance. All experiments were
conducted in Google Colab using a Tesla T4 GPU.

Youtube Data API v3

Data Collection

(37.450 Comments)
T

) v

Prepocessing Prepocessing

| |

Feature Extraction Feature Extraction

l |
v

Feature Fusion

(776 dimensions)
T

Baseline Model
(IndoBERT-only)
]

Baseline Model
(LR+TF-IDF)
T

Hybrid Model
IndoBERT+Features
[

3-Fold Cross-Validation
(Weighted Sampling)

Ewvaluation
(F1, ROC-AUC, t-test)

Fig. 1. Research flow diagram.

B. Data Collection

This research does comment-level categorization, not
user-level age verification. Each comment is regarded as a
separate instance of text and annotated according to explicit
age-related self-disclosure or observed linguistic evidence in
the comment. Therefore, the projected class means a remark is
related to underage language patterns rather than verifying the
real age of the account owner.

On April 9, 2026, the data was collected using the YouTube
Data API v3. Videos were selected using 58 targeted search
keywords to ensure broad demographic coverage. The search
queries were designed to cover diverse age-related contexts and
minimize topic bias by including educational, entertainment,
gaming, family, and occupational domains. The queries
included age-related terms (e.g., “umur 12 tahun”, “usia 16”),
student-related terms (e.g., “anak SMP”, “mahasiswa’’), youth
culture terms (e.g., “remaja”, “Gen Z”), and adult-oriented
terms (e.g., “kerja kantoran”, “keluarga”). Authors selected
271 Indonesian-language videos from YouTube that were
publicly available and covered a range of genres. Table 3
describes the distribution of videos. Comments were annotated
using rule-based pattern matching with clear age-related terms
such as "umur 14", "usia 15 tahun"”, and "kelas 2 SMP". The
resulting labels represent whether a comment contains
linguistic evidence associated with an under-16 individual
rather than the verified age of the account owner.

To ensure annotation consistency, manual validation was
conducted on 500 stratified samples (100 under-16 and 400
adult comments) by two independent annotators. Cohen's
Kappa reached 0.853, indicating almost perfect agreement.
Two researchers manually verified ambiguous cases. Each
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comment was treated as an independent instance; replies,
duplicates, and spam were removed. Usernames and identifiers
were anonymized; only publicly available YouTube API
comments were collected.

To reduce the risk of data leakage, duplicate comments
were removed before dataset partitioning. Although multiple
comments from the same video or the same author could appear
across different data partitions, each comment was treated as an
independent classification instance because the objective of this
study was comment-level classification. Author identifiers,
video identifiers, and other metadata were not used as input
features, so the model learned exclusively from the textual
content of each comment. This design was selected because the
objective was comment-level classification rather than
video-level or author-level generalization. Nevertheless, future
work may adopt group-based data partitioning at the video or
author level to further reduce potential information leakage.

Table 3.
Video Categories Distribution
No. Category Number of Videos Percentage

1 People and blogs 54 19.9%
2 Entertainment 42 15.5%
3 Music 38 14%
4 Education 35 12.9%
5 Gaming 30 11.1%
6 News and politics 25 9.2%
7 Comedy 18 6.6%
8 Science and technology 12 4.4%
9 Sports 9 3.3%
10 Others 8 3%

Total 271 100%

C. Dataset Characteristics

The dataset contains 37,450 comments, of which 614
(1.64%) are under 16 and 36,836 (98.36%) are over 16. This
extreme class imbalance ratio of approximately 60:1 poses
significant challenges for model training. Without proper
handling, classifiers tend to be biased toward the majority class,
achieving high accuracy yet failing to identify comments from
under-16 users. To address this, authors employed weighted
sampling during training and used F1 Score as the primary
evaluation metric rather than accuracy. Comments with explicit
age references averaged 12.3 words, compared to 10.8 words
overall. Table 4 summarizes the dataset characteristics.

Table 4.
Dataset Characteristics Summary
No. Metric Value
1 Total Comments 37,450
2 Under-16-associated Comments 614 (1.64 %)
3 Above-16-associated Comments 36,836 (98.36 %)
4 Comments with Age Mention 984 (2.63 %)
5 Unique Videos 271
6 Unique Authors 28,456

The class distribution of the dataset is presented in Fig. 2.
The above-16 class contains 36,836 comments (98.36%), while
the under-16 class contains only 614 comments (1.64%),
indicating a serious class imbalance. Fig. 3 displays the
distribution of age categories, which divides the comments into
four age groups: child (398 comments), early adolescent (216
comments), adult (223 comments), and late adolescence (147
comments). This distribution shows the variety of age-related
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expressions included in the sample. The distribution of the data
split used for model evaluation is shown in Fig. 4, 29,960
comments (80.0%) were used for training and 7,490 comments
(20.0%) for testing, with validation data included in the
cross-validation technique.

CLASS DISTRIBUTION
(TOTAL 37,450 COMMENTS)

40000

36,830
(98,36%)

30000

20000

Number Of Comments

10000

614
(1,64%)

Under-16

Above-16
Fig. 2. Class distribution of the dataset.

AGE CATEGORY DISTRIBUTION
(COMMENTS WITH EXPLICIT AGE MENTION)

398
216 223

Child Early Adolescent Adult Late Adolescent

400

200

Number Of Comments

100

Fig. 3. Age category distribution.

DATA SPLIT DISTRIBUTION
(TRAIN/VALIDATION/TEST)

29,960

30000 (80'0%)

25000
é 20000
£
g 15000
5 7,490
€ 10000 (20,0%)
= 5000 0

(0,0%)
° Train Validation Test

Fig. 4. Data split distribution.

D. Data Pre-processing

Authors used two pre-processing methods for processing
IndoBERT embeddings and custom feature extraction.
IndoBERT was given minimal pre-processing, such as case
folding, URL removal, mention removal, and emoji removal, to
retain the contextual semantics. For handmade features, further
pre-processing consisted of tokenization, elimination of
stopwords, and stemming by utilizing the Sastrawi stemmer
[33]. Text was folded to lowercase, and all non-alphanumeric
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characters were stripped. The comments were tokenized into
word-level tokens, stopword removal was applied to discard
common Indonesian function words, and stemming was
applied to reduce words into their root forms.

E. Hybrid Linguistic Feature

Authors retrieved 8 handmade features,
adult score, emotion_score, grammar_score, word_count,
exclamation_count, question_count and feen_adult ratio.
Feature lexicons were constructed by frequency-based
collocation analysis and manually refined through iterative
inspection by two native Indonesian speakers. The lexicons
were created by hand using only the training data to prevent any
knowledge from the evaluation set from leaking into the feature
engineering process. The teen_adult ratio in (1) indicates the
relative amount of adolescent-related vocabulary to
adult-related vocabulary. The conditional form avoids
division-by-zero errors if no adult-related lexical markers are
found. The characteristics feen score and adult score were
generated using lexicon-based matching. Words in the teenage
vocabulary are often related to  school (e.g.,

"non "non

"smp", "sma", "kelas"), gaming (e.g., "ml", "ff", "game"), and
youth slang (e.g., "bestie", "squad"). The adult lexicon contains
terms related to employment (e.g., "kerja", "gaji"), higher
education (e.g., "kuliah", "skripsi'"), family
(e.g., "keluarga", istri"), and financial activities
(e.g., "bpjs", "kpr"). To limit the effect of comment length, the
total number of valid tokens in each comment was normalized
to account for lexical characteristics. (2) and (3) define the
normalized lexical scores, where s , and are
the number of matched lexicon entries, and is the total
number of valid tokens after pre-processing. The emotion score
is the ratio of emotional lexical indicators that are included in
each remark (4).

teen_score,

— if _ >0
I > 0and =0
0, otherwise
teen score = —— (2)
aault score = —— 3)
emotion_score = ——— G))

The grammar score evaluates the ratio of conventional
Indonesian lexical forms that are used in a remark. The
reference was a manually created dictionary of standard
Indonesian words. The score is determined as the number of
standard lexical tokens divided by the total number of valid
tokens after pre-processing (5).

grammar_score = ——— (5)
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F. Text Representation Using IndoBERT

IndoBERT (indobenchmark/indobert-base-p1) was used as
the main contextual text encoder. The IndoBERT tokenizer
tokenized each comment, and the maximum sequence length
was set to 128 tokens. Long comments were truncated and short
sequences padded to keep input dimensions consistent. From
the CLS token embedding, then extracted the contextual
representation of each comment, yielding a 768-dimensional
vector for downstream classification.

G. Hybrid Model Architecture

The framework fuses the contextual embeddings of
IndoBERT with handcrafted linguistic features. Authors
concatenated the IndoBERT embeddings (768 dimensions)
with eight handcrafted features, resulting in a 776-dimensional
representation. This was followed by fully connected layers
using ReLU activation and dropout regularization. In this
hybrid approach, contextual embeddings are first extracted
using IndoBERT and then concatenated with handcrafted
language characteristics.

gerT = INdOBERT( ) (6)
hybrid = [ _ ) _ ) _

- - (7
= ReLU( _fusion [ ggrr; nybria] + _fusion) (8)
' = Dropout( ,0.3) 9)

The contextual embedding extraction process is defined in
(6). The handcrafted linguistic feature vector is defined in (7).
The fusion process combining contextual and linguistic
representations is formulated in (8). Dropout regularization
with probability 0.3 is applied in (9) to reduce overfitting.

1= ReLU( - "+ o) (10)
1" = Dropout( 4,0.2) (11)
2= ReLU( 2+ 1"+ ) (12)
= softmax( _out- ,+ _out) (13)

Hierarchical feature transformations are defined in (10)—(12)
using fully connected layers with ReLU activation, enabling
progressive refinement of fused contextual and linguistic
representations while maintaining computational efficiency
and stable optimization. Final class probabilities are computed
using softmax activation in (13). Although attention-based
fusion has shown promising results, feature concatenation was
selected because it preserves interpretability, introduces fewer
trainable parameters, and reduces computational complexity.

H. Baseline Models

Referring to the model configurations in Table 5, two
baseline models were implemented for comparison. The first
baseline used IndoBERT without handcrafted linguistic
features, in which CLS embeddings were directly passed
through classification layers (768 to 256 to 128 to 2). The
second baseline employed Logistic Regression with TF-IDF
vectorization limited to 3,000 dimensions using an n-gram
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range of (1,2). Class-weighted Logistic Regression was applied
to mitigate severe class imbalance. Table 5 summarizes the
characteristics of the evaluated models. The comparison
enables assessment of the contribution of contextual
representations and handcrafted linguistic features under
identical classification settings.

Table 5.
Model Configuration Comparison
Contextual Linguistic .
Model Embedding Features Classifier
Logistic TF-IDF No Logistic
Regression Regression
IndoBERT IndoBERT CLS No Fully Connected
Embedding Network
Hybrid IndoBERT CLS Yes Fully Connected
IndoBERT Embedding Network

L Training Configuration

Next, the evaluation the dataset using stratified 5-fold
cross-validation to ensure reliable performance estimates under
severe class imbalance. The 5-fold configuration was selected
over the 3-fold configuration to provide a more robust
statistical evaluation and reduce variance in performance
estimates. Each validation fold contained approximately
120-125 under-16 samples. To mitigate class imbalance, a
weighted random sampler was implemented using inverse
class-frequency weighting, yielding an approximate ratio of
60:1. Table 6 summarizes the training parameters. The learning
rate of 5e-6 was selected based on preliminary experiments and
recommendations for fine-tuning BERT-based models on small
datasets [34]. The batch size of 16 was chosen to balance
training stability and GPU memory constraints, while training
for 3 epochs per fold prevented overfitting, as indicated by
validation performance monitoring. The training time for each
fold was approximately 290-300 seconds on a Tesla T4 GPU. A
low learning rate (5e-6) was selected to minimize catastrophic
forgetting during fine-tuning. Training was performed for three
epochs, as preliminary experiments indicated limited
improvement beyond that point and an increased risk of
overfitting. Then stabilized the optimization with gradient
clipping and used the validation F1 Score for early stopping.
All tests were conducted using the same random seed (42) and
data splits. Model performance was estimated using stratified
5-fold cross-validation, and the final model configuration was
evaluated on the independent test set to assess generalization.

Table 6.
Model Training Parameters
No. Parameter Value
1 Batch Size 16
2 Learning Rate Se-6
3 Epochs per Fold 3
4 Number of Folds 5
5 Optimizer AdamW
6 Weight Decay 0.01
7 Gradient Clipping 1.0

J. Evaluation Metrics

The model performance was measured using accuracy,
precision, recall, and F1-score [34], [35]. Fl-score was chosen
as the primary evaluation metric due to the dataset's extreme
class imbalance. Additionally, the Area Under the Receiver
Operating Characteristic Curve (ROC-AUC) was used to assess
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the model's ability to distinguish between classes at different
decision thresholds. At the same time, Precision-Recall AUC
(PR-AUC) was reported as a more robust metric for imbalanced
classification. The evaluation metrics are defined in Equations
(14)—(17), where TP denotes true positives, FP denotes false
positives, TN denotes true negatives, and FN denotes false
negatives.

TP

Precision = —— (14)
_ TP
Recall = T (15)
recisionxRecal
= X—-—
g 2 Precision+R$<’:\lall (16)
+
Aceuracy = o 17

Equation (14) defines precision, which measures the
proportion of predicted underage-associated comments that are
correctly classified. High precision indicates that relatively few
adult-associated comments are incorrectly classified as
underage-associated. Recall (15) is the percentage of comments
associated with the under-16 class correctly recognized by the
model. Recall is particularly important because comments
associated with under-16 individuals should be identified as
completely as possible to support downstream moderation and
policy enforcement. The F1-score is defined in (16) and is the
harmonic mean of precision and recall, balancing both metrics.
Accuracy is defined in (17) as the ratio of successfully
classified samples to the total number of predictions. However,
the accuracy estimate may be unduly optimistic, given that
under-16 samples account for only 1.64% of the dataset.
Therefore, the F1 Score was the key evaluation metric for this
investigation.

To determine whether performance differences between
models were statistically meaningful, paired t-tests were
performed on cross-validation Fl-scores. Cross-validation
results are presented as mean + standard deviation over the five
folds. Because statistical testing was conducted with five
cross-validation folds, the paired t-test results should be
interpreted with caution given the limited sample size.
However, they remain useful for comparing relative model
performance. The standard deviation measures the consistency
of performance across validation partitions. In addition to
classification metrics, Receiver Operating Characteristic (ROC)
and Precision-Recall (PR) curves were generated to evaluate
class separability under severe class imbalance, and the
corresponding areas under the curves (ROC-AUC and
PR-AUC) were reported.

IV. RESULTS AND DISCUSSION

A. Cross-Validation Performance

Table 7 shows the results of the 5-fold cross-validation
studies for the three model configurations mentioned in Table 5.
The hybrid model achieved the highest average Fl-score of
0.7777 = 0.0680, outperforming the IndoBERT-only baseline
(0.7395 + 0.0649) and Logistic Regression (0.5161 + 0.0269).
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In terms of recall, the hybrid model achieved 0.9674 + 0.0051,
slightly lower than the IndoBERT-only baseline (0.9691 =+
0.0140) but significantly higher than Logistic Regression
(0.8241 +0.0313). The values are presented as mean + standard
deviation for the 5 folds. The standard deviation indicates the
model's stability across different validation set splits.

Table 7.
Cross-Validation Results (5-Fold)
No. Model F1-Score  Precision Recall Accuracy
| gr}ll(ti)(r)l]gERT 0.7777 0.6553 £ 09674 =  0.9906
+0.0680  0.0932 0.0051 +0.0036
+ Features)
Baseline 0.7395+  0.6036+ 09691 = 0.9885
2 (IndoBERT-  0.0649 0.0910 0.0140 0.0037
only)
3 Baseline (LR 0.5161 = 0.3760* 0.8241 = 0.9746
+ TF-IDF) 0.0269 0.0242 0.0313 0.0024

The relatively higher Fl-score achieved by the hybrid
model compared to the IndoBERT-only baseline suggests that
the handcrafted linguistic features provide complementary
information that enhances the model's ability to distinguish
between under-16 and above-16 comments. The recall values,
which are consistently high across both Transformer-based
models, indicate that the weighted sampling strategy
effectively prevents the model from overlooking minority-class
samples during training. The lower precision values, on the
other hand, reflect the inherent difficulty of distinguishing adult
comments that adopt youthful linguistic styles from genuinely
underage-associated comments.

To provide a clearer comparison of model characteristics
and their contributions, Table 8 summarizes each model's

contextual encoding, linguistic feature usage, and
interpretability, along with its cross-validation F1-score.
Table 8.
Model Characteristics and Cross-Validation Performance Comparison
Contextual Linguistic L F1-Score
Model Encoding Features Explainability V)
Logistic
Regression + X v v 88%2; *
TF-IDF ’
0.7395 =
IndoBERT-only X X 0.0649
Hybrid
IndoBERT V. v v 07777 %
0.0680
(Proposed)

Table 8 demonstrates that the proposed hybrid model
achieved the highest F1-score (0.7777) while providing explicit
interpretability mechanisms through eight handcrafted
linguistic features. The IndoBERT-only baseline, although
competitive, lacks explicit interpretability mechanisms.
Logistic Regression, although interpretable via coefficients,
performed significantly worse because it could not capture
contextual semantics in informal Indonesian text. These results
suggest that the hybrid approach offers an optimal balance
between  predictive  accuracy and  policy-relevant
interpretability for detecting underage-associated comments.
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The comparative analysis in Tables 7 and 8 highlights two
main advantages of the proposed hybrid model. First, compared
to Logistic Regression with TF-IDF, the hybrid model achieved
substantially higher Fl-score (0.7777 vs 0.5161), confirming
that contextual Transformer representations are essential for
capturing informal language patterns in Indonesian YouTube
comments. Second, compared to the IndoBERT-only baseline,
the hybrid model delivered superior predictive performance
(0.7777 vs 0.7395) while providing explicit interpretability
through handcrafted linguistic features.

To further assess generalization, performed group-based
splits by video (F1 =0.7342 + 0.1223) and author (F1 = 0.7635
+ 0.0839), demonstrating that the model maintains reasonable
performance even when trained and tested on entirely different
videos or authors. This confirms that the model does not merely
memorize video-specific or author-specific patterns.

Both transformer-based models achieved good performance
in general, since IndoBERT was pre-trained on Indonesian
language corpora and could capture informal writing styles
seen in YouTube comments, such as slang, abbreviations, and
mixed-language expressions. The hybrid model outperformed
the IndoBERT-only baseline, indicating that handcrafted
linguistic features provide complementary information not
fully captured by contextual embeddings. The relatively high
standard deviations (+£0.0680 and =+ 0.0649) indicate some
variability across folds, which is expected given the extreme
class imbalance. Logistic Regression performed significantly
worse because TF-IDF representations rely heavily on
surface-level word-frequency statistics and cannot effectively
model contextual semantics.

Figure 5 shows the distribution of F1-scores for each model
configuration across the five cross-validation folds. The hybrid
framework demonstrated consistent improvement over the
IndoBERT-only baseline in most folds. Fig. 6 illustrates a
detailed comparison of the models' performance, clearly
revealing the significant difference between the models built on
Transformer and Logistic Regression.

5-FOLD CROSS-VALIDATION F1-SCORES PER FOLD
091 09736 09714 0914 09736
09565 09760 09784  (oggse5 09760
o 06
“os 0520 gspo 0949 0520 g0
o A HYBRID (INDOBERT + FEATURES)
’ A\ BASELINE (INDOBERT-ONLY)
A BASELINE (LR + TF-IDF)
. 1 2 3 4 5
Fold

Fig. 5. Cross-validation F1-scores per fold.

The hybrid framework had slightly lower variance across
folds than the IndoBERT-only baseline, indicating that
handcrafted linguistic elements added some more stability.
However, a paired t-test revealed no statistically significant
difference between the hybrid model and the IndoBERT-only
baseline (t(4) = 0.6109, p = 0.5743). This indicates that while
the handcrafted linguistic features improve interpretability,
they do not significantly enhance predictive performance
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beyond what is already captured by contextual embeddings.
Both Transformer-based models significantly outperformed
Logistic Regression (p < 0.001). These results demonstrate that
the hybrid approach not only improves interpretability but also
enhances predictive performance under severe class imbalance
conditions.

5-FOLD CROSS-VALIDATION MODEL
PERFORMANCE COMPARISON

0,7777

0,7395
+0,0649

F1-Score

LR +TF-IDF

0.0
Hybrid (IndoBERT + Features) IndoBERT-only

Fig. 6. Model performance comparison.

B. Final Test Set Evaluation

The hybrid framework was evaluated on a separate test set
containing 7,490 comments, including 123 comments labeled
as under-16-associated. The model achieved an accuracy of
0.9987, a precision of 0.9248, a recall of 1.0000, and an
F1-score of 0.9609, as shown in Table 9. The ROC-AUC and
PR-AUC values were 0.9997 and 0.9484, respectively. There
were no false negatives, which implies that all comments
labeled as under-16-associated were successfully detected, but
10 comments labeled as adults were misclassified because of
the use of slang and gaming-related terms popular among
teenagers.

The substantially higher performance on the independent
test set compared with the average cross-validation score is
partly attributable to the limited number of minority-class
samples in the test partition and the presence of explicit
age-related expressions that are strongly associated with the
annotation strategy. Therefore, the final test results should be
interpreted alongside the cross-validation performance, which
provides a more conservative estimate of the model's
generalization.

Table 9.
Final Test Set Results
No. Metric Value
1 Accuracy 0.9987
2 Precision 0.9248
3 Recall 1.0000
4 F1-Score 0.9609
5 ROC-AUC 0.9997
6 PR-AUC 0.9484
7 True Negatives 7,357
8 False Positives 10
9 False Negatives 0
10 True Positives 123

The confusion matrix in actual numbers is shown in Fig. 7.
The algorithm correctly identified 7357 adult-associated
comments and 123 under-16 comments, but misidentified 10
adult-associated comments as under-16 comments, with no
false negatives. Fig. 8 presents the percentage distribution of
the confusion matrix relative to the entire test set.
Adult-associated comments correctly classified as negatives
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accounted for approximately 98.22% of all predictions, while
underage-associated comments correctly classified as positives
accounted for 1.64%. False positives represented only 0.13% of
the test set, and no false negatives were observed. Fig. 9
illustrates the row-normalized confusion matrix, which shows
that 100% of under-16 samples were correctly classified (recall
= 1.0000) and approximately 99.86% of adult samples were
correctly identified, with only 0.14% misclassified. In the
confusion matrix, all 123 under-16-associated comments were
classified correctly. 7,357 out of 7,367 adult-associated
comments were correctly identified. From a regulatory
standpoint, recall is significant since undetected underage
accounts may continue to access restricted services.

Confusion Matrix (Count)
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Fig. 7. Confusion Matrix for Test Set Evaluation (Count)
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Fig. 8. Confusion matrix for test set evaluation (percentage).
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Fig. 9. Confusion Matrix for Test Set Evaluation (Row-Normalized)

C. Feature Importance Analysis

To provide interpretable explanations of the hybrid model's
predictions, applied SHAP (SHapley Additive exPlanations)
[11]. Fig. 10 presents the SHAP summary plot, which shows
that question_count, teen_adult ratio, and grammar score
were the most influential features in the hybrid model's
predictions. This provides direct insight into which linguistic
features contribute most strongly to the hybrid model
predictions.

adult_score teen_score

k
&

adult_score

(]
ou,gn.!“l,‘mm,o
!

teen_score

—0.29.000.25 —0.29.000.25
SHAP interaction vag

Fig. 10. Feature importance analysis.
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The moderate contribution of adult score may indicate that
adult language patterns are more lexically diverse than teenage
communication. In contrast, recurrent slang, gaming
terminology, and school jargon make teen-oriented phrases
more discriminative [21].

Additionally, authors applied LIME (Local Interpretable
Model-agnostic Explanations) [12] to explain individual
predictions. Figure 11 shows the LIME explanation for a
sample comment classified as under-16-associated,
highlighting keywords such as "tahun", "14", and "haid" that
contributed most strongly to the prediction.

Local explanation for class Under-16

tahun 1
14 4
haid
tpi
udah 1
banget
belum
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0 0.05 0.10 0.15 0.20 0.25
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0.

Fig. 11. LIME explanation plot.

D. ROC and Precision-Recall Analysis

The Receiver Operating Characteristic (ROC) curve
generated from the final test set evaluation is shown in Fig. 12.
The framework achieved an ROC-AUC of 0.9997, indicating
excellent class separability between under-16-associated and
above-16-associated comments. The curve slopes sharply
upwards towards the upper left corner, implying that the model
achieves a high true positive rate while maintaining a very low
false positive rate.
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Fig. 12. Receiver operating characteristic (ROC) curve.

Figure 13 shows the Precision-Recall (PR) curve, which is
more relevant for evaluation in the presence of extreme class
imbalance. The proposed framework achieved a PR-AUC of
0.9484, indicating strong performance in detecting the minority
class. The PR curve shows that accuracy remains high across
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most recall values, confirming that the model can distinguish
between under-16-associated comments and
above-16-associated comments with very few false positives.

The ROC-AUC of 0.9997 and PR-AUC of 0.9484 indicate
high discrimination for the minority class, despite a class
imbalance ratio of about 1:60. PR-AUC is a more robust
evaluation metric for imbalanced class distributions than
ROC-AUC, due to its emphasis on the detection performance
of minority classes. This makes it a good option for detecting
underage-associated comments in a skewed social media
dataset.

Although the ROC-AUC and PR-AUC values are very high,
these results should be interpreted within the context of the
annotation strategy, which primarily relies on explicit
age-related  expressions. Consequently, the reported
performance reflects the effectiveness of detecting
underage-associated comments rather than inferring users' true
demographic age.

E. Error Analysis and Practical Implications

The predicted outcome distribution is shown in Fig. 14. The
framework properly identified 7,480 of 7,490 test samples. The
test samples consist of 123 genuine positives and 7,357 true
negatives. The misclassifications were just 10, all false
positives. There were no false negatives, meaning all comments
labeled as under-16-associated were correctly detected.

Figure 15 shows the mistake rate per class. The
misclassification rate for adult-associated comments was
0.14%, while under-16 comments obtained a 0.00% error rate.
This demonstrates the system's efficiency in identifying
underage-associated comments without missing any real
under-16 cases, which is important from the perspective of
regulatory enforcement. Fig. 16 compares the performance
indicators of the hybrid model with the IndoBERT-only
baseline. The hybrid model achieved performance comparable
to the IndoBERT-only baseline across all evaluation metrics
while providing greater interpretability through handcrafted
linguistic features. The perfect recall achieved by the hybrid
model ensured that no under-16-associated comments were
missed, while the overall accuracy remained high (99.87%).
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Fig. 13. Precision-recall curve.
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Fig. 14. Prediction outcome distribution.

Table 10 further analyzes the false positive cases. The
majority of errors were made in adult-class comments, which
included slang, gaming terms, and very informal writing styles
directed at adolescents, suggesting that online communication
patterns may mirror young culture irrespective of biological
age. There are a variety of reasons that the proposed framework
is performing well. The first is the weighted sampling method,
which may address the severe class imbalance of about 1:60 by
increasing the exposure of minority-class samples during
training [35].
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Fig. 15. Error rate per class.
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Fig. 16. Performance metrics comparison.

Second, handcrafted linguistic features such as teen_score
and grammar_score were used to enhance IndoBERT
contextual embeddings by providing explicit lexical cues
associated with adolescent conversational habits [8], [27], [36].
Third, the fusion architecture combined contextual semantic
understanding with structured language evidence within a
single classification framework [16], [24], [35], [34]. From a
practical perspective, the framework can help implement PP
TUNAS by identifying comments that exhibit linguistic
patterns associated with underage individuals despite
self-declared registration information. Explicit features such as
teen_score, grammar _score, and teen_adult ratio improve
interpretability and may also enable transparent moderation
systems. To better understand the nature of misclassifications
produced by the hybrid model, then analyzed the false positive
cases in detail. The following table summarizes the error
categories, the number of cases, and the corresponding
explanations for each type of misclassification. This error
analysis provides valuable insights into the specific linguistic
patterns that cause the model to misclassify adult comments as
underage-associated, thereby informing potential refinements
to both the feature set and the annotation strategy.

Table 10.
False Positive Error Categories
Error Category (I)\i‘u(r:r; 2: Explanation
Gaming Slang 4 Adult-associated comments contained
gaming expressions commonly found
in adolescent comments.
Youth-Oriented 3 Adult-class comment used informal
Slang slang frequently associated with
teenagers.
Informal 2 Excessive abbreviations and
Writing Style nonstandard spelling patterns
School-Related 1 Adult-class comment mentioned
References school-related topics despite being
labeled as adult-associated comments
Total 10 All false positive cases
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Table 11.
Ablation Study Results
Experiment Description F1-score
El Full Hybrid Model 0.7777 %= 0.0680
E2 Explicit age-related terms removed 0.0000
E3 Only implicit age-related comments 0.0000

The comparative analysis of related work and model
configurations reveals several key insights into this study's
contribution. The results of this study add to three aspects of
NLP research. First, the proposed hybrid framework for
Indonesian social media analysis shows that IndoBERT can
successfully capture age-related linguistic patterns, achieving
almost perfect recall (1.0000) for the minority class. This
demonstrates that Transformer-based models pre-trained on
Indonesian corpora may generalize to informal YouTube
comments, despite obstacles such as slang, code-mixing, and
brevity.

Second, in terms of predictive performance, the hybrid
model achieved a higher Fl-score (0.7777) compared to the
IndoBERT-only baseline (0.7395), although the difference was
not statistically significant (t(4) = 0.6109, p = 0.5743).
However, the hybrid model offers significantly better
interpretability through handcrafted features, which is crucial
for policy applications. As seen in Table 8, the hybrid approach
improves both predictive performance and explainability. This
conclusion is consistent with Dehdarirad's [9] observation that
explainability remains an open problem in NLP, and our
technique provides a practical solution for policy-sensitive
applications.

Table 11 presents the ablation study evaluating the
contribution of explicit age-related expressions. The full hybrid
model achieved the highest cross-validation F1-score of 0.7777
+0.0680. When explicit age-related expressions were removed
(E2), the model failed to correctly identify any
under-16-associated comments (F1 = 0.0000), confirming that
the current dataset relies heavily on explicit age disclosures.
Similarly, restricting the dataset to comments containing only
implicit age-related language (E3) also yielded an F1-score of
0.0000. This finding should be interpreted as a dataset
limitation rather than a model failure: the dataset was
constructed using rule-based annotation based on explicit age
self-disclosures, and consequently contains insufficient
naturally occurring implicit age expressions. Future work
should focus on collecting richer datasets with diverse implicit
linguistic patterns to enable true age inference without relying
on explicit mentions. Importantly, this limitation does not
undermine the practical value of the proposed framework for
PP TUNAS enforcement, as the framework is intended to
detect comments containing underage-associated language,
including explicit self-disclosures, rather than to infer users'
biological age.

These findings indicate that the current dataset remains
highly dependent on explicit age disclosures, limiting the
model's ability to infer age solely from implicit linguistic
patterns. Rather than indicating a weakness of the hybrid
architecture, this result highlights the importance of
constructing richer datasets containing naturally occurring
implicit age-related expressions. Future studies should
therefore focus on expanding annotation strategies and
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incorporating more diverse linguistic contexts to improve
generalization. These findings suggest that the proposed
framework primarily captures explicit age-associated linguistic
patterns rather than latent demographic characteristics.
Consequently, the framework should be interpreted as
detecting comments containing underage-associated language
instead of estimating the actual age of individual users.

Despite its promising performance, the proposed
framework is intended to support, rather than replace, human
decision-making. Adult wusers who frequently use
youth-oriented slang or informal expressions may occasionally
be classified as underage-associated, potentially leading to
unnecessary moderation. Therefore, the framework should be
used as a decision-support tool, in which automated predictions
are complemented by human review and transparent
explanations via SHAP and LIME to promote fair and
accountable moderation.

This study has several limitations. First, the dataset was
constructed using comments containing explicit age disclosures,
which may not fully represent naturally occurring implicit age
expressions. Second, although duplicate comments were
removed before dataset partitioning, multiple comments from
the same author or video may still appear across different data
partitions because this study focuses on comment-level
classification. To address this concern, it performed
group-based splits by video (F1 =0.7342 = 0.1223) and author
(F1=10.7635 % 0.0839), confirming reasonable generalization.
Nevertheless, future work should adopt stricter group-based
partitioning strategies to reduce potential information leakage
further.

V. CONCLUSION

This study contributes to Indonesian NLP research by
demonstrating that handcrafted linguistic indicators can
complement Transformer-based representations through
improved interpretability while maintaining competitive
predictive performance. This study examined three approaches
for detecting underage-associated comments in Indonesian
YouTube comments: a hybrid framework combining
IndoBERT with handcrafted linguistic features, an
IndoBERT-only baseline, and Logistic Regression with
TF-IDF representations. To address severe class imbalance,
weighted sampling and stratified 5-fold cross-validation were
applied during training and evaluation. The hybrid framework
achieved a final test F1-score of 0.9609 and a cross-validation
Fl-score of 0.7777 = 0.0680, while achieving performance
comparable to the IndoBERT-only baseline (0.7395 = 0.0649).
Statistical analysis revealed no significant difference between
the two models (t(4) = 0.6109, p = 0.5743). We successfully
detected all 123 under-16-associated comments in the test set
with 100% recall and excellent precision (0.9248). Logistic
Regression performed significantly worse, further confirming
the  effectiveness of contextual  Transformer-based
representations for Indonesian social media text classification.

The integration of handcrafted linguistic features provided
measurable improvements in predictive performance while also
delivering explicit interpretability. Features such as
question_count,  teen_adult ratio, and  grammar_score
provided transparent linguistic evidence to support the
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prediction interpretation, as confirmed by SHAP and LIME
analyses. This dual advantage, improved accuracy and
enhanced transparency, is especially crucial in policy
enforcement settings such as the implementation of PP TUNAS,
where automated moderation decisions must be explainable
and auditable.

The findings demonstrate that Transformer-based natural
language processing methods, augmented with interpretable
linguistic features, can effectively identify comments that
exhibit linguistic characteristics associated with under-16
individuals on Indonesian social media. By providing explicit
linguistic evidence for each prediction, the framework enables
platform moderators to understand not only what the model
predicts but also why it makes a particular classification. This
transparency is essential for building trust between automated
systems and human decision-makers, particularly in contexts
where moderation actions may have significant consequences
for users. The practical deployment of such a framework in
real-world content moderation systems would benefit from its
ability to provide interpretable outputs that can be easily
understood by non-technical stakeholders, including
policymakers, platform administrators, and child protection
advocates. By translating complex model predictions into clear
linguistic evidence, the framework lowers the barrier to
adoption in regulatory environments where transparency and
accountability are paramount.

The contribution of this study to Indonesian NLP research is
threefold. First, it provides the first systematic evaluation of
hybrid IndoBERT architectures for age-associated comment
detection in YouTube, demonstrating that contextual
embeddings and handcrafted linguistic features are
complementary. Second, it establishes a reproducible
framework for interpretable classification of
underage-associated comments, incorporating SHAP and
LIME to enhance model transparency. Third, it provides a
large-scale annotated dataset of 37,450 Indonesian YouTube
comments with age-associated labels, which can serve as a
benchmark for future research on demographic inference in
low-resource language settings.

Several limitations should be acknowledged. The
annotation method relies on  explicit age-related
self-disclosures; consequently, the model performs optimally
on comments containing explicit age mentions. Implicit
age-associated language patterns remain challenging due to the
scarcity of such expressions in the current dataset, underscoring
the need for future work to collect more linguistically diverse
datasets for true implicit age inference. Additionally, although
duplicate comments were removed, multiple comments from
the same author or video may still appear across different data
partitions, as this study focused on comment-level
classification, which may affect generalization estimates.

Future research should prioritize collecting datasets that
include diverse implicit age expressions beyond explicit
self-disclosures, enabling models to learn latent age-associated
linguistic patterns. The framework could also be extended to
other platforms such as X, TikTok, WhatsApp, and Instagram,
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where interaction patterns differ. Advanced explainable Al
techniques and group-based data partitioning at the author or
video level would further enhance generalization and mitigate
data leakage.
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