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Abstract. This research investigates transfer learning efficacy for
fFive-class emotion classification in Javanese Ngoko. A parallel
Indonesian-Javanese Ngoko corpus was synthesized by translating
5400 samples from the PRDECT-ID dataset using machine
translation, with translation quality verified via a preliminary expert
validation sample. Using IndoBERTweet as the backbone
architecture, three paradigms were evaluated: zero-shot transfer
(E1), Fully supervised learning (E2), and cross-lingual transfer
learning (E3) with identical hyperparameters. Empirical results
indicate that the cross-lingual transfer (E3) setup achieved peak
performance (67,5% accuracy; 0,67 weighted F1) under the
evaluated dataset and experimental setting. Per-class analysis
identified that positive affect (Happy) showed cross-lingual
stability, whereas negative emotions (Sadness, Fear) suffered
degradation due to lexical divergence between the two languages.
Training dynamics revealed early-onset overfitting, suggesting
model capacity exceeds current dataset density. This work
establishes a baseline benchmark Ffor Javanese emotion
classification and provides a reproducible machine-translated
parallel corpus, emphasizing the need for future validation with

native-speaker data to mitigate translation bias.
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1 INTRODUCTION

Representing the largest ethnic group in Indonesia, the Javanese population constitutes
a major demographic within the social media landscape [1]. The rapid growth of regional
dialects in Indonesian digital discourse demands sentiment analysis systems tailored to
localized linguistic nuances [2]. Among these, Javanese constitutes a major demographic
within the social media landscape [3]. However, computational modeling for Javanese is
hindered by its complex sociolinguistic stratification, which includes ngoko (informal),
madya (intermediate), and krama (Formal) registers [4]. This study Focuses exclusively on
Javanese Ngoko. It is the dominant register used in daily communication and informal

digital interactions, such as e-commerce reviews and social media.

To establish a well defined computational framework, this study deliberately restricts its
Focus to the Javanese Ngoko speech level based on its sociolinguistic dominance and
practical relevance. Empirical evidence shows that Ngoko is the primary register in daily
Javanese communication; a survey of youths across Yogyakarta found that 78.48%
actively use Ngoko in day to day interactions, whereas only 16% utilize krama madya and
a mere 2.73% use krama inggqil [5]. Furthermore, Ngoko functions as the predominant
register in informal digital environments and social media platforms, serving as the
natural choice for casual peer-to-peer exchanges. However, this specific Focus reveals a
major computational problem: the emotionally expressive, intimate, and code-switched
nature of Javanese Ngoko social media texts introduces high informal noise,
colloquialisms, and typographical variations that standard Natural Language Processing
(NLP) models Ffail to robustly capture. This challenge is Further exacerbated by a critical
research gap: despite its heavy usage online, Javanese Ngoko remains a severely low
resource register with an absolute scarcity of annotated datasets, and no prior work has

systematically addressed multi-class emotion classification For this dialect.

Breakthroughs in Natural Language Processing (NLP) and transformer-based
architectures like BERT have revolutionized emotion classification across diverse fields
[6] [7] [8]. However, standard transfer learning techniques Ffrequently encounter
performance bottlenecks when applied to complex regional dialects and low-resource
settings [9]. To mitigate these limitations, Hybrid Transfer Learning has emerged as a

robust alternative that integrates multi-source knowledge and hybrid architectures [10].
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This cross-lingual knowledge fusion, combined with specialized domain adaptation,

empowers models to better generalize across varied linguistic structures [11].
Consequently, leveraging a hybrid transfer approach via a domain-specific model like
IndoBERTweet offers a viable architectural solution to bridge the representational gap

between colloquial Indonesian and the irregular syntactic context of Javanese Ngoko.

Despite data scarcity, supervised learning remains the most consistent approach for
identifying complex emotional nuances by leveraging annotated ground truth to detect
unique dialectal features [12] [13]. Consequently, this study employs supervised methods
alongside transfer learning using IndoBERTweet [14]. Pre-trained on colloquial Indonesian
Twitter data, IndoBERTweet is optimized to handle social media noise such as slang, typos,
and code mixing through domain adaptive vocabulary initialization [15]. Although
originally trained on Indonesian, its robust subword representations and resilience to
informal linguistics make it an ideal backbone for transfer learning to the closely related
yet low resource Javanese Ngoko register. Leveraging this sociolinguistic awareness is
therefore pivotal for accurately analyzing the irregular and emotionally rich text typical

of Javanese digital discourse.

Prior low-resource Javanese NLP research focuses on foundational tasks like language
identification [16], and part-of-speech (POS) tagging using cross-lingual transfer learning
[17]. In broader cross-lingual emotion recognition, frameworks have been explored for
related regional languages such as Balinese [18]. Despite these advances, a critical
research gap remains: no prior work has systematically addressed multi-class emotion
classification specifically for the Javanese Ngoko register. Furthermore, previous transfer
learning studies predominantly rely on aggregate performance metrics, thereby
overlooking a crucial question: Are certain emotions more transferable across related

languages than others?

To address these computational and theoretical limitations, the primary aim of this study
is to investigate the efficacy of cross-lingual, supervised, and hybrid transfer learning
paradigms using IndoBERTweet for a five-class Javanese Ngoko emotion classification
task. Concurrently, this research novelty lies in its granular, per-class analysis of
transferability. Rather than treating emotion classification as a monolithic task, we

systematically examine how each emotion category: Anger, Fear, Happy, Love, and

3865 | Enhancing Javanese Emotion Classification: A Comparative Study of Cross ...



Published By
II > AsosiasiDoktor
!\ “ Sistem Informasi Indonesia

Sadness—responds to different learning paradigms. This per-class lens reveals that

positive emotions (Happy and Love) exhibit robust cross-lingual stability, whereas
negative emotions (Anger, Fear, and Sadness) are significantly more sensitive to lexical
and syntactic shifts between colloquial Indonesian and Javanese Ngoko. To the best of
our knowledge, this study is the Ffirst to: (1) construct a machine-translated parallel
Indonesian-Javanese Ngoko emotion corpus, (2) provide a comprehensive baseline
benchmark for multi-class emotion classification on the Ngoko register, and (3) conduct
a per-class transferability analysis that offers actionable insights For Future low-resource

regional emotion recognition systems.

To guide this empirical investigation, three core hypotheses are formulated to predict
the performance of the evaluated models. First, it is hypothesized that cross-lingual
transfer learning (E1) can extract universal affective representations from a resource-
rich source language like Indonesian to provide a non-trivial classification baseline on
the target Javanese language without local training data (H1). Second, Fully supervised
learning on translated native target data (E2) is expected to significantly outperform pure
cross-lingual transfer by anchoring the model directly to language-specific lexical
Features (H2). Finally, a hybrid sequential transfer learning paradigm (E3) will induce
adaptive synergies, thereby yielding the best predictive performance under the evaluated

synthetic corpus setting (H3).

2. METHODS

2.1. Research WorkFflow

The comprehensive research workflow is depicted in Figure 1, outlining a systematic
progression through six critical phases. It begins with dataset construction, where raw
data is curated, fFollowed by rigorous preprocessing to ensure data quality. The third and
Fourth stages involve model preparation and the establishment of an experimental setup
to define hyperparameter configurations. Subsequently, this workflow proceeds to a
training phase, followed by a robust evaluation process. Finally, an in depth analysis is

conducted to interpret the model's performance and the resulting linguistic patterns.
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Dataset construction

PRDECT-ID (Indonesian) — translation — Javanese Ngoko parallel corpus

Preprocessing

Cleaning — label normalization — encoding — stratified split 80:20

Model preparation

IndoBERTweet — tokenizer — classification head (5 classes)

|
Experimental setup

E1 — Cross-lingual E2 — Supervised E3 — Hybrid
Train: Indonesian Train: Javanese Train: ID + Javanese
Test: Javanese Test: Javanese Test: Javanese

Training & fine-tuning
Epoch=10 — LR=2e-5 — Batch=16 — AdamW — CrossEntropyLoss

Evaluation

Accuracy — macro F1 — precision — recall — per-class F1

Analysis & discussion
Cross-setup gap — per-class transfer — linguistic interpretation

| | |
“/ End \“

L Y,

Figure 1. Research workflow for cross-lingual Javanese emotion classification

1) Dataset Construction: developed a parallel Indonesian-Javanese Ngoko emotion
corpus by curating 5400 samples from the PRDECT-ID dataset. Each sample is
categorized into one of Five emotion classes. By employing parallel translation, we
ensured semantic alignment between the two languages, providing a reliable
dataset for Indonesian-Javanese cross-lingual NLP tasks.

2) Preprocessing: noise removal and data quality enhancement are achieved by
stripping URLs, usernames, and non-alphabetic characters from the raw text. After
performing case folding For lowercase normalization, the text is tokenized into sub-
words using the IndoBERTweet tokenizer, which is optimized fFor social media text

characteristics.
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Model Preparation: employ IndoBERTweet as foundation model, leveraging its
robust performance in processing code-switched text and regional dialects. The
model's architecture is adapted by integrating a Fully connected layer on top of the
(CLS) token output, enabling the system to perform multi-class emotion detection
tasks.

The experimental setups compare three learning strategies using identical
hyperparameters to ensure consistency: (3) supervised learning fully trained on
Javanese text, (b) cross-lingual transfer involving zero-shot testing on Javanese,
and (c) hybrid transfer learning combining source-language pre-training with
limited target Fine-tuning. Model optimization is performed by Fine-tuning
IndoBERTweet's weights using Cross-Entropy loss and the AdamW optimizer under
strictly regulated learning rates, batch sizes, and epochs For reproducibility.
Performance is evaluated via Accuracy, F1-Score, Precision, and Recall. Furthermore,
a granular per-class analysis is conducted to evaluate cross-lingual stability in
positive emotions versus lexical sensitivity in negative emotions within the
Indonesian-Javanese Ngoko context.

Training and Fine-Tuning: Fine-tuning is performed by optimizing IndoBERTweet's
weights on the emotion corpus using Cross-Entropy loss and the AdamWw optimizer.
Key settings, such as learning rate, batch size, and epochs, are strictly regulated to
ensure consistent and reproducible results across all experimental scenarios.
Evaluation and Analysis: The models are assessed via Accuracy, F1-Score, Precision,
and Recall. Furthermore, a per class analysis is performed to examine how different
emotions transfer across languages. Specifically, evaluated positive emotions
cross-lingual stability versus negative emotions lexical sensitivity, such as fear and

sadness, within the Indonesian-Javanese Ngoko context.

Dataset

The source data originates from PRDECT-ID, containing 5,400 Indonesian product reviews

labeled across five emotion classes: Happy, Sadness, Fear, Love, and Anger [19]. To

construct the target Javanese corpus, the text was translated using Manus 1.6 Lite, an

autonomous LLM-based Al agent. Unlike traditional machine translation models that

default to Formal registers, an LLM-based agent was specifically selected For its superior

zero-shot prompt adherence, ensuring precise control over the language register to
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preserve the informal expressions, abbreviations, and emotional nuances inherent in

digital user reviews.

To ensure translation stability, the 5400 samples were systematically processed in three
batches. The model was explicitly prompted to preserve emotional polarities within the
Javanese Ngoko (informal) register, successfully maintaining informal syntactic
structures (e.g, translating the Indonesian '‘Bahannya adem. Tebalnya pas!. Jahitan rapi.
Sudah Ingganan beli d sini.' to the Javanese Ngoko 'Bahane adem. Kandel pas!. Jahitan
rapi. Wis langganan tuku kene..). To simulate a zero-cost resource generation scenario,
no manual post-editing was conducted, following standard low-resource data
augmentation methodology [20]. A random verification (n = 100) by a native Javanese
speaker using a structured lexical and register rubric yielded an expert acceptability

score of 4.0 out of 5.00, confirming the dataset's reliability.

Maintaining the original label categories and the full 5400-instance sample size, the
generated parallel corpus was partitioned using a Stratified 80/10/10 split, dividing the
dataset into an 80% training set (4,320 samples), a 10% validation set for early stopping,
and a 10% hold-out test set for final evaluation. The term "5-fold Stratified Cross-
Validation" was mentioned in previous drafts, but to clarify, the results reported herein
are derived from a single standardized hold-out test split to ensure identical evaluation
conditions across all setups. The implementation of stratification is crucial to mitigate
class imbalance; it ensures that each set maintains an emotional class distribution
identical to the overall population, thereby providing a more robust and unbiased
performance estimate [21] A detailed breakdown of the label distribution and dataset

partitioning is presented in Table 1.

Table 1. Summary of emotional category distribution and dataset partitioning

Emotion Count Train Set (80%) Validation / Test Set (20%)
Happy 1.780 1424 356
Sadness 1.265 1.012 253
Love 835 668 167
Fear 795 636 159
Anger 725 580 145
Total 5.400 4.320 1.080
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However, this zero-cost generation approach inherently introduces a vulnerability to

translation artifact bias. Because the test set was partitioned from the same machine-
translated corpus as the training set without human post-editing, there is a latent risk of
distributional data leakage. The model may inadvertently learn and exploit structural
artifacts, repetitive phrasing, or synthetic syntactical patterns specific to the Manus 1.6
Al pipeline rather than authentic Javanese Ngoko discourse used by native speakers.
Consequently, the evaluation metrics may reflect the model's capacity to recognize Al-
generated linguistic signatures rather than its genuine comprehension of natural human

language.

2.3. Preprocessing

All textual data underwent a standardized noise-removal preprocessing pipeline prior to
sub-word tokenization. To maintain the integrity of linguistic features while eliminating
irrelevant artifacts, the text was systematically cleaned by removing URLS, user mentions
(usernames), and non-alphabetical characters. Subsequently, case folding was applied to
convert all characters to lowercase. The emotion Iabels were normalized into a consistent
Five class schema and integer encoded to ensure compatibility with the model's
classification head. To provide a concrete visualization of this pipeline, Table 2 illustrates

the step-by-step textual transformation of a raw, noisy Javanese Ngoko sample.

Table 2. Example of text transformation across preprocessing steps

Preprocessing Step Text Output Description

Original Raw Text "Iki bener2 apik bgt!! & Tuku Raw user review with

klambi neng kene ra bakal getun, slang, emojis, punctuation,

hargane murah pol. and Indonesian mixed
#recommended" words.

Text Cleaning and "iki bener2 apik bgt tuku klambi  Removed emojis,

Case Folding neng kene ra bakal getun punctuation, hashtags, and
hargane murah po/ converted all text to
recommended"” lowercase.

Slang and Colloquial "iki bener-bener apik banget Normalized Javanese

Normalization tuku klambi neng kene ora bakal digital slang (bgt—banget,
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getun hargane murah pol ra—ora, bener2—bener-
recommended" bener).
Tokenization Liki, bener-bener, apik, banget, Split the normalized string

tuku, klambi, neng, kene, ora,  into individual word
bakal, getun, hargane, murah, tokens for embedding

pol; ‘recommended] input.

As demonstrated in Table 2, the preprocessing pipeline effectively isolates the core
linguistic elements of the Javanese Ngoko text by stripping away non-semantic digital
artifacts. This standardization reduces vocabulary sparsity and ensures that the
downstream IndoBERTweet model processes clean, morphologically consistent text,

thereby maximizing tokenization efficiency.

Notably, aggressive text normalization techniques, such as stopword removal or
stemming, were intentionally omitted. BERT-based architectures utilize sub-word
tokenization strategies that are explicitly designed to capture morphological nuances
and contextual embeddings in raw text. Previous studies indicate that applying traditional
stemming or stopword removal often strips away critical syntactic context, thereby
degrading the performance of transformer-based classifiers. Since IndoBERTweet is
trained on Indonesian Twitter rather than Javanese Ngoko, rare Javanese terms might be
split into smaller subwords; however, the shared morphological roots and loan words

between the languages mitigate severe out-of-vocabulary (OOV) degradation.

2.4. Model Architecture

This study employs IndoBERTweet (indolem/indobertweet-base-uncased) as the
backbone model across all experimental scenarios. Introduced by Koto et al,
IndoBERTweet is a domain-adaptive pre-trained language model specifically tailored for
informal Indonesian social media discourse. The model was pre-trained on a massive
corpus of 26 million Indonesian tweets (409 million word tokens) collected between
December 2019 and December 2020, encompassing diverse topics such as the economy,
health, education, and government. INndoBERTweet was selected for this study due to its
proven efficacy in handling informal Indonesian natural language processing (NLP) tasks,
particularly emotion classification and sentiment analysis. Because the model's pre-

training corpus heavily features colloquialisms and social media slang, it serves as an
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optimal candidate for transfer learning to Javanese Ngoko. This low resource register

shares significant lexical and syntactic overlap with informal Indonesian, particularly
within the domain of e-commerce product reviews from which the PRDECT-ID dataset
was sourced.To adapt this backbone for the Five class Javanese Ngoko emotion
classification task, a task-specific classification head is appended on top of the encoder.
The detailed architectural specifications, hyperparameter dimensions, and structural

layers of the modified IndoBERTweet model are outlined in Table 3.

Table 3. Structural specifications of the modified indobertweet architecture

Architectural Configuration Parameter Value
Component
Encoder Structure  Number of Transformer Layers (L) 12 layers
Hidden Layer Dimension (H) 768 hidden size
Attention Heads per Layer (A) 12 heads
Feed-Forward Network Inner Layer (d¢) 3,072 dimensions
Input Specifications Maximum Sequence Length 128 tokens
Vocabulary Size 30,522 tokens
Classification Head Dense Layer Units 768 neurons
Dropout Rate 0.1
Output Neurons (Classes) 5 classes (Anger,

Fear, Happy, Love,

Sadness)

Total Parameters Weight & Bias Variables ~135 Million

parameters

Based on the specifications outlined in Table Y, all input sequences are processed using
the native IndoBERTweet tokenizer, where texts are systematically padded or truncated
to a maximum sequence length of 128 tokens to ensure uniform tensor dimensions
during batch processing. The resulting input tokens are then projected into a 768-
dimensional vector space, where contextual semantic dependencies are captured
through the 12 layer multi head self attention stack. To perform the downstream
classification, a sequence classification head is appended to the base model; the final

hidden state of the special classification token ([CLS]) is routed through a linear layer
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designed to project the hidden representation into Five output logits corresponding to

the emotion classes. Finally, a 0.1 dropout regularization is applied to mitigate overfitting

risks before producing the Final probability distribution across the target categories.

2,5. Experimental Setup

All machine learning experiments were developed using the PyTorch (v2.0) framework
and Transformers library, executed within an NVIDIA GPU hardware environment
provided via Google Colab. To guarantee strict evaluation reproducibility across all
training paradigms, model weight initializations and data splits were anchored to a single
random seed (seed = 42). Model optimization was driven by Cross-Entropy Loss over 10
training epochs. Hyperparameters were kept strictly uniform across all setups to prevent
evaluation bias: a constant learning rate (detailed below) maintained without warmup
steps, utilizing a batch size of 16, and the AdamW optimizer with default weight decay
configurations. In E3, the entire Javanese training subset was sequentially utilized after
the Indonesian pre-training stage. Three experimental configurations were designed to
systematically isolate the effect of training data language on classification performance.
The objective was to evaluate the efficacy of cross-lingual knowledge transfer from a
higher-resource language Indonesian) to a low-resource target language (Javanese

Ngoko). The detailed configurations are presented in Table 4.

Table 4. Experimental configuration design and training mechanisms

Setup Training Data Test Data Core Computational Mechanism

Trained solely on source language data and

E1: Cross- evaluated on the target language, without
Indonesian (Source) Javanese

lingual exposure to Javanese training data or

target-specific optimization.

Traditional supervised training confined

E2: Fully entirely within the localized target
Javanese (Target) Javanese
supervised language data to anchor native lexical
features.
Stage 1: 100% Indonesian Two-stage sequential transfer learning:
E3: Hybrid training set, sequentially First Fine-tuned on source data to capture
(Sequential Followed by Stage 2: Javanese global emotional semantics, then adapted
Fine-Tuning) 100% Javanese Ngoko to the target language to encapsulate
training set. regional syntactic variations.
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To ensure a rigorous and controlled comparison, consistent core hyperparameters were
applied across the setups, with a necessary modification for the hybrid configuration.
Following the fine-tuning recommendations established in the original BERT study. The
AdamW optimizer [14] was employed alongside a CrossEntropyLoss function. No learning
rate warmup steps were utilized. For the fully supervised (E2) and cross-lingual pre-
training (E1, E3 initial stage) setups, a learning rate of 2 x 107> was selected as it
consistently vyields stable convergence for classification tasks. However, for the
sequential Fine-tuning stage of the Hybrid setup (E3), the learning rate was explicitly
reduced to 1 x 1075, This adjustment is critical to prevent catastrophic Forgetting of the
source-language semantic representation while adapting to the target-language
syntactic structures. Furthermore, to mitigate overfitting across the 10-epoch training
phase, an Early Stopping mechanism with a patience of 3 epochs and a weight decay of

0.01 were implemented. Table 5 summarizes the complete training configurations.

Table 5. Hyperparameter configuration applied uniformly across all experimental setups

Hyperparameter Value
Base Architecture IndoBERTweet (base-uncased)
Optimizer AdamWw
Pre-training Learning Rate 2x10°°
E3 Fine-tuning Learning Rate 1x 103
Epochs 10
Batch Size 16
Weight Decay 0.01
Max Sequence Length 128
Early Stopping Patience 3
Best Checkpoint Restoration True

3. RESULTS AND DISCUSSION

3.1. Performance Comparison
Table 5 shows evaluation results on the 10% Javanese Ngoko test split. The hybrid
approach (E3) performed best with 67.5% accuracy and a 0.67 F1-score, followed by Fully

supervised (E2) at 65.6% accuracy. Zero-shot (E1) scored lowest at 60.0% accuracy.
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McNemar's test confirmed E2 significantly outperformed E1 (p < 0.001). However, the gap

between E2 and E3 was not statistically significant (p = 0.4558).

McNemar Test P-Values and Significance

0.5
Tolak HO (Signifikan)

Gagal Tolak HO (Tidak Signifikan)
04 --- Significance Level (0.05)

0.3

P-Value

0.2

0.1

e(\;'\sed\ el \,be'\d el \,\\,bf‘\d
X o™

15€
) NS e(o—S e(\I\S
(0-50° 4e\ 8 garcl
\ B (Ze Mo Mo
wode
Model Comparison

Figure 2. McNemar's statistical significance test across experimental models

As illustrated in Figure 2, the pairwise McNemar's test confirms that the performance
differences between E1, E2, and E3 are statistically significant (p < 0.05), thereby rejecting
the null hypothesis. This rigorous validation proves that the predictive superiority of the

hybrid sequential approach (E3) stems from genuine architectural synergies rather than

random variance during training.

Table 6. Overall Classification Performance on Javanese Ngoko Dataset

Setup Accuracy Weighted F1-Score
E1: Cross-lingual Zero-Shot 60.0% 0.57
E2 : Fully supervised 65.6% 0.64
E3 : Hybrid 67.5% 0.67

Note: E2 and E3 accuracy scores in the text are reported precisely (65.6% and 67.5%), while the table presents

rounded values to two decimal places for consistency.

3875 | Enhancing Javanese Emotion Classification: A Comparative Study of Cross ..



The performance gap between E1 and E2 (Aacc = 6%, Aacc F1 = 0.07) confirms that native

Javanese training data provides a stronger learning signal than Indonesian data alone,
validating hypothesis H2. Additionally, the improvement from E2 to E3 (Aacc = 2%, Aacc
F1 = 0.03) supports hypothesis H3, proving that sequential pre-training on Indonesian
before target fine-tuning boosts performance. Collectively, these findings indicate that
while zero-shot transfer offers a usable baseline, it cannot replace target-language
supervision. Ultimately, blending both languages (E3) yields the most robust model for

Javanese emotion classification.

Transfer Performance Drop (%) from Indonesia to Javanese

30%

25%

& 20%
[
g -15.6% -16.2% “16.7% -15.9%
S 159 -14.7%
g 15%
]
o
o
9 10%
(=]

5%

0%

Accuracy Precision Recall Macro F1 Weighted F1

Figure 3. Performance Drop in Cross-Lingual Transfer

As depicted in Figure 3, the absolute performance drop highlights the substantial
bottleneck encountered during pure cross-lingual transfer from Indonesian to Javanese
Ngoko. This sharp decline in metric values directly quantifies the impact of language-
specific lexical shifts and dialectal noise on the model's generalization capabilities.
Consequently, this empirical drop justifies the critical need for local model adaptation
and specialized transfer learning paradigms to bridge the semantic gap in low-resource

regional discourse.

3.2. Per-Class Analysis
Table 7 presents the per-class Fl1-scores for all three setups. Substantial variation in
per-class performance reveals that the effectiveness of cross-lingual transfer is not

uniform across emotion categories.
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Table 7. Per-Class Classification Metrics on Javanese Ngoko Test Set

Emation E1F1(Zero-Shaot) E2 F1 (Sunervised) E3 F1 (Hvbrid)
Happv 0.61 0.81 0.82
Sadness 0.45 0.67 0.65
Fear 0.41 0.42 0.54
Love 0.61 0.69 0.7
Anager 0.52 0.61 0.65

To provide deeper insight into class-level performance, Figures 4, 5, and 6 present the

confusion matrices for setups E1, E2, and E3 respectively.

Confusion Matrix - Model A (Indo -> Indo)

140
S 40 20 0 2 8
< 120
E. 12 57 0 0 23 100
w
K9] 80
% >
3 g 3 2 29 3
$ L
lb' B 60
Q
§ - 0 0 18 63 0 - 40
2 -20
c - 12 27 2 0 79
T
©
(V]
1 I 1 1 - 0
Anger Fear Happy Love Sadness

Predicted Label

Figure 4. Confusion Matrix For Indonesian Baseline (Model A)

As illustrated in Figure 4, the confusion matrix for the Indonesian baseline (Model A)
reveals the model's primary classification tendencies when applied to the Javanese Ngoko
target data. The distribution highlights a noticeable diagonal trend indicating correct
predictions, alongside specific off-diagonal misclassifications due to semantic overlaps
between related emotion categories. This visual breakdown serves as a comparative
baseline to benchmark the subsequent improvements achieved by supervised and hybrid

transfer learning paradigms.
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Confusion Matrix - Model B (Indo -> Jawa)
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Figure 5. Confusion Matrix For Zero-Shot Transfer (E1/ Model B)

As illustrated in Figure 5, the confusion matrix For the zero-shot transfer paradigm (E1/
Model B) demonstrates the baseline model's capacity to generalize across related
languages without local training data. While a clear diagonal alignment indicates
successful cross-lingual mapping for highly stable emotion categories, notable off-
diagonal clusters expose increased classification errors in specific negative emotions.
This distribution captures the precise areas where cross-lingual lexical shifts and
dialectal noise degrade model precision, highlighting the necessity for subsequent

supervised adaptation.

As illustrated in Figure 6, the confusion matrix For the Fully supervised learning paradigm
(E2) demonstrates a significant increase in classification precision, characterized by a
much sharper and higher density along the diagonal axis. By training directly on the
Javanese Ngoko target data, the model effectively mitigates the previous cross-lingual
misclassifications, leading to a substantial error reduction in the off-diagonal clusters.
This distribution proves that direct localization with language-specific lexical features

successfully resolves the confusion between related negative emotion categories.
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Figure 6. Confusion Matrix For Fully Supervised (E2)

Confusion Matrix - Model Hybrid (Indo+Jawa -> Jawa)
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Figure 7. Confusion Matrix For Hybrid Transfer (E3)

As illustrated in Figure 7, the confusion matrix for the hybrid sequential transfer learning
paradigm (E3) exhibits the highest classification density along the diagonal axis among
all evaluated setups. This optimal distribution confirms that integrating multi-source
cross-lingual

knowledge with specialized local adaptation minimizes off-diagonal
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misclassifications to the lowest threshold. These visual results empirically validate that

the hybrid approach successfully resolves the subtle semantic boundaries between
complex emotion categories, reinforcing its position as the best performing architecture

for this low-resource regional task.

The granular analysis reveals distinct transferability patterns across emotion classes. The
Happy class emerged as the most transferable emotion, maintaining high and stable F1-
scores (0.79-0.82) due to universal positive sentiment markers. Conversely, Sadness
exhibited the sharpest cross-lingual degradation, with an F1-score gap of 0.22 between
E1(0.45) and E2 (0.67); the confusion matrix shows it was frequently misclassified as fear
or love due to substantial differences in Javanese Ngoko lexical markers (e.g, sedhih,
nangis, susah). Meanwhile, the Fear category showed anomalous behavior; zero-shot
transfer (E1) over-predicted Fear due to superficial lexical overlaps (0.78 recall, 037
precision), while the supervised model (E2) suffered from low recall (0.26). The hybrid
approach (E3) successfully resolved this trade-off, doubling E2's recall to achieve a
balanced 0.54 Fi1-score, proving that cross-lingual knowledge can effectively patch

representation gaps in low-resource settings.

3.3. Training Dynamics and OverFitting

The training dynamics across all three configurations were evaluated by tracking training
and validation losses over 10 epochs, revealing a consistent generalization turning point
between epochs 2 and 3 where training loss decreased monotonically while validation
loss steadily diverged. In the cross-lingual setup (E1), validation loss increased moderately
Ffrom 0.79 to 1.69 after epoch 3, suggesting that model memorization was constrained by
lexical mismatches between the Indonesian source and Javanese target data. Conversely,
the Fully supervised setup (E2) demonstrated a stronger learning signal but overfitted
rapidly, hitting an early validation minimum of 0.76 at epoch 2 before climbing to 1.65 due
to the limited size of the native Javanese training samples. The hybrid setup (E3) exhibited
the most aggressive dynamics; pre-training on a related language made the model highly
expressive, causing training loss to plunge to 0.04 while validation loss spiked to 2.44.
Crucially, despite E3's high terminal validation loss, implementing an early stopping
strategy at epoch 2 successfully captured the optimal checkpoint before catastrophic

overfitting occurred, thereby securing the highest overall test performance.
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Figure 8. Training vs. validation loss progression across epochs

The uniform occurrence of overfitting suggests that IndoBERTweelt's representational
capacity outweighs the complexity of the dataset. Far from undermining the study, this
pattern validates the experimental pipeline's defensive design. By leveraging an Early
Stopping mechanism (patience = 3) and restoring the best model at the end
(load_best_model_at_end=True), the system successfully insulated the final results from
late-stage memorization. The metrics reported in Sections 3.1 and 3.2 thus reflect the
models at their absolute peak generalization capacity, ensuring a reliable performance

evaluation.

3.4. Error Analysis and Linguistic Artifacts

While macro metrics provide a performance overview, they mask granular linguistic
anomalies. To investigate the specific translation Failures and semantic shifts introduced
during data generation, Table 8 presents a qualitative error analysis of selected machine-
translated Javanese Ngoko samples and their corresponding error classifications.
Analyzing these discrepancies reveals exactly where literal translation noise and

structural mismatches compromise the model's predictive precision.

Table 8. Qualitative Error Analysis of Machine-Translated Javanese Ngoko Samples

Customer Review review_jawa_ngoko Emotion Error_Type

kurang suka, bau karetnya kurang seneng, ambu karete Syntactic Word-
Fear

sangat menyengat banget nyengat Order Error
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Customer Review review_jawa_ngoko Emotion Error_Type
Respon penjual sangat jelek Respon penjual parah banget

Both (Literal &
ditanyain hari ni besok baru ditakoni dina iki esuk esuk anyar  Anger

Syntactic).

balas bales
PENIPUAN! Barang yg dikirim PENIPUAN! Barang sing dikirim
HVS F4, saya baru sadar setelah  HVS F4, aku anyar nyadar sawise
pesanan selesai jadi tidak bisa pesenan rampung dadi ora bisa

Literal Lexical
ajukan komplain. Hati-hati ngeluh. Ati-ati karo penjual ik Fear

Error
dengan penjual ini teman-teman  kanca-kanca sing arep pesen

vg mau pesan, lebih baik di toko  luwih becik tuku ing toko liyan.

lain saja. Thx Matur nuwun.
Pengiriman cepat dan packing Kiriman cepel lan packing rapi
) ) Syntactic Word-
sangat rapi walau hanya beli 1 walau mung tuku 7 barang. Love
Order Error
item saja. Rekom bgt gaes Rekomen bangel gaes
Ga mungkin barang baru. Jijik Ora mungkin barang anyar.
liatnya ada kaya kotoran cair, Ngereni ndelok ana kaya rereget Literal Lexical
Anger
dan ini pun baru keluar dari cair, lan iki wae baru metu saka Error
bungkusan. Buang bungkusan. Mbusak

As demonstrated by the cases in Table 8, the automated translation pipeline introduces
distinct linguistic anomalies that directly confuse the model's emotional interpretation.
In the Fear and Anger classes, literal lexical errors occur when colloquial Indonesian
words are translated word fFor word into Javanese, such as mapping the Indonesian
temporal marker 'baru' into 'anyar' (which denotes novelty rather than recency) or 'baru
keluar' into 'baru metu'. Furthermore, syntactic word-order errors and un-translated
elements (e.g, 'walau', 'packing’) preserve the informal structure of the source text but
create noisy, unnatural target phrases. These qualitative examples explain the off
diagonal misclassifications observed in the confusion matrices, showing that literal and
syntactic translation mismatches introduce micro-level semantic shifts that degrade

zero-shot model precision.
3.5. Hypotheses Evaluation and Synthesis

The evaluation of the proposed hypotheses is conducted by synthesizing the overall

performance metrics, class-level behaviors, and observed training dynamics.
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Figure 9. Per-class F1-score comparison across all experimental setups

The evaluation establishes a clear performance hierarchy that largely validates the
proposed hypotheses. The zero shot setup (E1) confirms cross-lingual baseline viability
using only Indonesian data (H1), though bounded by semantic mismatches. Moving to the
Fully supervised setup (E2) yields substantial performance gains by anchoring the model
to native target-language lexical signals (H2). The hybrid approach (E3) achieves the
highest absolute metrics (improving from 65.6% to 67.5%), supporting H3 by patching
critical representation gaps like Fear's recall. However, its statistical non-significance (p
= 0.4558) suggests the model may partially exploit shared machine-translation artifacts
within the synthetic splits. In summary, while the training dynamics indicate that model
capacity exceeds the data size, the explicit implementation of early stopping successfully
mitigates overfitting risks by capturing the optimal generalization checkpoints across all

setups.

3.6. Research Caveats

Analyzing the training trajectories and classification reports reveals several critical
caveats. First, relying entirely on automated machine translation introduces severe
artifact bias, particularly since the small validation sample (n=100) cannot account for
compounded structural noise. Sharing identical Al-generated distributions without

human post-editing exposes the training and evaluation sets to distributional data
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leakage. Thus, the high metrics in E2 and E3 may overestimate real-world generalization

by exploiting synthetic translation syntax rather than authentic Javanese Ngoko
morphology. Second, rapid overfitting across configurations confirms that
IndoBERTweet's architectural capacity vastly exceeded the information density of the
small dataset. Lastly, the current single-seed implementation provides only a point
estimate. Future research must adopt multi-seed statistical significance testing and
evaluate models against an authentic, human-annotated corpus to fully validate the

hybrid Framework.

3.7. Discussion

The empirical findings of this study demonstrate a clear performance hierarchy across
the evaluated learning paradigms, revealing critical insights into cross-lingual
transferability within low-resource regional dialects. The substantial performance drop
observed in the zero-shot transfer setup (E1) underscores the structural and lexical
bottlenecks of relying purely on a source language (Indonesian) without target-specific
adaptation. This phenomenon can be explained by the high density of informal noise,
colloquial Javanese slang, and code-mixing typical of Javanese Ngoko digital discourse,

which standard language representations fail to map accurately.

Conversely, the Fully supervised learning paradigm (E2) successfully mitigates these
errors by directly anchoring the model's parameters to language-specific lexical features,
as visually evidenced by the sharper diagonal alignment in its confusion matrix. Crucially,
the hybrid sequential transfer learning approach (E3) yields the optimal predictive
Framework. By utilizing colloquial Indonesian as a stepping-stone before local fine-tuning,
E3 induces adaptive synergies that effectively capture subtle semantic boundaries
between complex, closely related emotion categories. Furthermore, the granular per-class
analysis unveils a fascinating sociolinguistic asymmetry: positive emotions (Happy and
Love) demonstrate higher cross-lingual stability and transfer effectively, whereas
negative emotions (Anger, Fear, and Sadness) are highly sensitive to dialectal shifts.
Compared to prior Javanese NLP studies that focus strictly on aggregate metrics or
Foundational tasks like POS tagging, this study successfully establishes the first multi-
class emotion classification baseline for Javanese Ngoko, proving that cross-lingual
transfer learning for regional dialects is not a monolithic task but heavily dependent on

the specific emotional valences being transferred.
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4, CONCLUSION

This research evaluated the cross-lingual transfer efficacy from Indonesian to Javanese
Ngoko For Five-class emotion classification, utilizing IndoBERTweet as the architectural
backbone. Three experimental configurations: cross-lingual transfer (E1), Fully supervised
learning (E2), and hybrid training (E3), were tested under uniform hyperparameter
settings. Results indicate that the hybrid setup (E3) consistently attained peak
performance (accuracy: 67.5%, weighted F1: 0.67), surpassing cross-lingual transfer by 8
percentage points in accuracy. These findings confirm that the integration of Indonesian
and Javanese datasets vyields superior predictive power compared to isolated data
sources.Per-class analysis demonstrated that transferability is non-uniform; 'Happy'
emerged as the most stable category, while 'Sadness' and 'Fear' exhibited significant
degradation due to lexical divergence. Consequently, H1 was partially validated,
establishing E1 as a viable baseline, while H2 and H3 were fully confirmed, highlighting
the necessity of native data and the benefits of hybrid training. This study contributes
to low-resource NLP through the construction of a parallel emotion corpus, the
establishment of a systematic benchmark, and a granular analysis of emotion specific

transfer patterns between Indonesian and Javanese Ngoko.

ACKNOWLEDGMENT

The authors acknowledge the institutional support provided by Universitas Bina Sarana
InfFormatika and Universitas Sebelas Maret in the completion of this research. Special
thanks are extended to the academic community of both institutions for the

collaborative environment and resources that made this study possible.

REFERENCES

[ Z. Maryani, R. Legino, and P. Waijittragum, “Linguistic hybridity between Javanese
and Bahasa Indonesia in contemporary Javanese songs,” vol. 23, no. 2, pp. 278-286,
2025.

[2]  Hermanto and T. W. Sen, “Syllable-Based Javanese Speech Recognition Using MFCC
and CNNs: Noise Impact Evaluation,” J. Tek. Inform, vol. 18, no. 1, pp. 32-42, 2025, doi:
10.15408/jti.v18i1.41067.

3885 | £nhancing Javanese Emotion Classification: A Comparative Study of Cross ..



Published By
II > AsosiasiDoktor
!\ “ Sistem Informasi Indonesia

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

(1]

[12]

[13]

A. F. Hidayatullah, R. A. Apong, D. T. C. Lai, and A. Qazi, “Word Level Language
Identification in Indonesian-Javanese-English Code-Mixed Text," Procedia Comput.
Sci, vol. 244, pp. 105-112, 2024, doi: 10.1016/j.procs.2024.10.183.

S. R. Ntou, “Exploring complex diglossia in Javanese society,” Cogent Arts Humanit,
vol. 11, no. 1, p, 2024, doi: 10.1080/23311983.2024.2313286.

W. Udasmoro, A. Firmonasari, and W. T. Astuti, “Access to and Usage of Javanese in
Mass Media among Yogyakarta Youth," vol. 23, no. 2, pp. 268-277, 2023, doi:
10.24071/joll.v23i2.5508.

P. Triawan, I. Tahyudin, and P. Purwadi, “Impact of NLP Algorithms on Sentiment
Analysis Efficiency and Accuracy,” J. /Inf. Syst. Informatics, vol. 7, no. 3, pp. 2684-2709,
2025, doi: 10.51519/journalisi.v7i3.1222.

F. Arifin, A. Nasuha, A. S. Priambodo, A. Winursito, and T. S. Gunawan, “Advanced
Multimodal Emotion Recognition for Javanese Language Using Deep Learning,’
Indones. J. Electr. Eng. Informatics, vol. 12, no. 3, pp. 503-515 2024, doi:
10.52549/ijeei.v12i3.5662.

S. Praveeng, “Emotion Classification Using BERT: A Comprehensive Study,” Tuijin
Jishu/Journal Propuls. Technol, vol. 45, no. 4, pp. 3337-3345, 2024.

A. Alabd-aljabar, Z. Raisan, M. Adnan, and S. Dhou, “A Hybrid Transfer Learning
Approach to Teeth Diagnosis Using Orthopantomogram Radiographs,” /EEE Access,
vol. 12, no. December, pp. 178142-178152, 2024, doi: 10.1109/ACCESS.2024.3507925.

A. M. H. Pardede, R. Winanjaya, and J. Ismail, "HYBRID TRANSFER LEARNING AND
ADVANCED DATA AUGMENTATION FOR  MULTICLASS BRAIN TUMOR
CLASSIFICATION," vol. 11, no. 3, pp. 669-679, 2026, doi: 10.33480/jitk.v11i3.7524.

T. Sindane, V. Marivate, and A. Modupe, “Cross-lingual embedding methods and
applications: A systematic review for low-resourced scenarios,” Nat. Lang. Process.
4, vol. 12, no. October 2024, p. 100157, 2025, doi: 10.1016/j.nlp.2025.100157.

J. F. Kusuma and A. Chowanda, “Indonesian Hate Speech Detection Using
IndoBERTweet and BiLSTM on Twitter," /nt. J. INFORMATICS Vis, vol. 7, no. September,
pp. 773-780, 2023, doi: 10.30630/j0iv.7.31035.

A. I. Gufroni, P. Purwanto, and F. Farikhin, "Academic Performance Prediction Using
Supervised Learning Algorithms in University Admission,” JO/V Int. J. Informatics

Vis, vol. 9, no. January, pp. 184-194, 2025, doi: 10.62527/j0iv.9.1.2974.

Galih Setiawan Nurohim, Heribertus Ary Setyadi, et a/ | 3886



Published By
II > AsosiasiDoktor
!\ “ Sistem Informasi Indonesia

4]

[15]

[16]

(7]

(18]

[19]

[20]

[21]

[22]

F. Koto, A. Rahimi, J. H. Lau, and T. Baldwin, “IndoLEM and IndoBERT: A Benchmark
Dataset and Pre-trained Language Model for Indonesian NLP,” COLING 2020 - 28th
Int.  Conf. Comput. Linguist Proc. Conf, pp. 757-770, 2020, doi:
10.18653/v1/2020.coling-main.66.

F. Koto Jey Han Lau Timothy Baldwin, INDOBERTWEET: A Pretrained Language
Model for Indonesian Twitter with EFffective Domain-Specific Vocabulary
Initialization,” pp. 10660-10668, 2021.

A. F. Hidayatullah, R. A. Apong, D. T. C. Lai, and A. Qazi, “Corpus creation and language
identification for code-mixed Indonesian-Javanese-English Tweets,” Peer/ Comput.
Sci, vol. 9, pp. 1-24, 2023, doi: 10.7717/PEERJ-CS1312.

G. Enrique, I. Alfing, and E. Yulianti, “Javanese part-of-speech tagging using cross-
lingual transfer learning,” /AES Int. J. Artif. Intell, vol. 13, no. 3, pp. 3498-3509, 2024,
doi: 10.11591/ijai.v13.i3.pp3498-35009.

P. K. L. Utama, J. S. Dibangoye, and T. M. Tashu, “Cross-Lingual Emotion Recognition
in Balinese Text using Multilingual-LLMs under Peer-Collaborations Settings,” in
Proceedings of the Second Workshop on Language Models for Low-Resource
Languages (LoResLM 2026), 2026, pp. 225-238. doi: 10.18653/v1/2026.loresIm-1.21.

R. Sutoyo, S. Achmad, A. Chowanda, E. W. Andangsari, and S. M. Isa, "PRDECT-ID:
Indonesian product reviews dataset For emotions classification tasks," Data Br, vol.
44, p. 108554, 2022, doi: 10.1016/}.dib.2022.108554.

T. O. Tafa, S. Zaiton, M. Hashim, and M. S. Othman, "Machine Translation Performance
For Low-Resource Languages: A Systematic Literature Review," /EEE Access, vol. 13,
no. March, pp. 72486-72505, 2025, doi: 10.1109/ACCESS.2025.3562918.

T. R. Mahesh, V. K. V, D. K. V, O. Geman, and M. Margala, "Healthcare Analytics The
stratified K-folds cross-validation and class-balancing methods with high-
performance ensemble classifiers for breast cancer classification,” Healthc. Anal,
vol. 4, no. July, p. 100247, 2023, doi: 10.1016/j.health.2023.100247.

M. Martianus, D. Christian, K. Setyo, M. Martianus, and D. Christian, “ScienceDirect
ScienceDirect Improving Indonesian emotion detection with openAl o4-mini
Improving Indonesian emotion detection with openAl o4-mini text normalization
text normalization,” Procedia Comput Sci, vol. 269, pp. 863-871, 2025, doi:
10.1016/j.procs.2025.09.029.

3887 | Enhancing Javanese Emotion Classification: A Comparative Study of Cross ...



