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Sentiment analysis in Indonesian social media presents significant challenges due to informal
language, code-mixing, and sentiment ambiguity in multi-clause expressions. While
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1. INTRODUCTION

Public sentiment analysis on social media has become increasingly important for evaluating
institutional trust and service quality. In recent years, social media usage in Indonesia has experienced
significant growth, reflecting a broader global trend. Recent reports indicate that social media penetration in
Indonesia has increased significantly, rising from 59% of the population in 2020 to approximately 68.9% in
early 2022, with average daily usage approaching four hours [1]. This rapid growth underscores social
media’s deep integration into Indonesian society, influencing communication, education, health initiatives,
and commerce. Platforms such as YouTube and Instagram have further shaped marketing strategies and brand
trust during the COVID-19 pandemic [2]. Consequently, social media provides both opportunities for
engagement and challenges related to misinformation and public perception [3].

For public institutions, particularly social insurance providers, sentiment analysis not only captures
reactions to policy changes and socioeconomic events [4] but also reflects public trust in government
programs [5]. During crises such as the COVID-19 pandemic, it proved vital in addressing misinformation
and strengthening public communication [6], [7]. Moreover, effective sentiment monitoring supports
corporate social responsibility (CSR) initiatives, customer engagement, and long-term institutional reputation

[8].

In Indonesia, PT Jasa Raharja as a public insurance provider faces multifaceted service challenges that
make sentiment analysis particularly relevant. While its motor vehicle insurance services are generally
perceived as satisfactory, customers still view the compensation claims process as less effective than expected
[9]. Service quality is also shaped by organizational culture and employee motivation, where higher self-
efficacy and intrinsic motivation significantly improve productivity and client interactions [10]. Recent
innovations, such as online claim submissions and social media communication, have improved accessibility
and engagement [11], but their long-term success requires continuous evaluation to align with user
expectations. Furthermore, administrative complexity in the claims process highlights the need for an
integrated one-stop service system involving multiple stakeholders, including health insurance providers and
government agencies [12]. These persistent service-related issues underline the importance of leveraging
social media sentiment analysis to capture public perceptions, identify pain points, and inform service
innovation strategies at Jasa Raharja.

Beyond these service-related challenges, public insurance discourse in Indonesia also presents
distinctive linguistic difficulties. Discussions related to insurance services are characterized not only by
informal and noisy language, but also by domain-specific terminology related to claims, compensation, and
service quality. These expressions often involve mixed formal-informal language, abbreviations, and
context-dependent meanings. Such linguistically complex characteristics pose challenges for conventional
machine learning and standard deep learning models, which may struggle to capture nuanced semantic
relationships in heterogeneous social media text. Therefore, the research gap is not only methodological but
also domain-specific, particularly in modelling the interaction between informal language and specialized
insurance terminology. To address this challenge, this study proposes a hybrid BERT-BiLSTM-Attention
model designed to capture contextual, sequential, and token-level information in Indonesian social media text
within the public insurance domain.

Traditional sentiment analysis methods have relied on machine learning algorithms such as Support
Vector Machines (SVM) and Naive Bayes [4], [13], supported by text mining techniques for preprocessing
and feature extraction [14], [15]. While these approaches remain effective for structured domains, they often
struggle with the informal, noisy, and context-dependent nature of social media discourse. For instance,
although SVM demonstrates strong performance on well-structured datasets, its accuracy significantly drops
when handling informal Indonesian social media texts characterized by slang, abbreviations, and code-
mixing. Similarly, Naive Bayes tends to oversimplify sentiment polarity and fails to capture contextual
nuances, highlighting the need for more advanced models such as BERT that can represent semantic
dependencies more effectively.

Recent advances in deep learning, particularly contextual models such as BERT, have significantly
improved sentiment classification by capturing subtle linguistic cues, including irony, idioms, and semantic
dependencies [16], [17], [18]. Earlier CNN and LSTM approaches improved over traditional machine
learning by modeling sequential and spatial text patterns [19], [20]; nevertheless, they remain limited in
capturing complex contextual semantics. In contrast, transformer-based architectures, especially BERT,
achieve superior accuracy, richer representations, and greater adaptability through attention mechanisms and
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large-scale pre-training [21], [22]. Pre-trained BERT models enable efficient fine-tuning with minimal
labeled data, while attention further enhances interpretability by emphasizing sentiment-relevant tokens [23].
However, challenges persist in handling informal, noisy, and multilingual social media discourse [24].
Collectively, these advances have expanded applications across e-commerce, healthcare, and governance
[25], [26]. However, existing transformer-based models may struggle to capture fine-grained sentiment
transitions in informal Indonesian text, particularly under code-mixed and noisy conditions. In addition,
standard attention mechanisms tend to distribute weights broadly, which may reduce sensitivity to critical
sentiment cues. These limitations indicate the need for a systematic investigation of how contextual,
sequential, and attention-based components interact in such settings. These issues highlight a methodological
gap in understanding how global contextual modeling (BERT), sequential dependency modeling (BiLSTM),
and attention mechanisms interact to capture sentiment transitions in informal and code-mixed Indonesian
text.

Among hybrid approaches, combining BERT with Bidirectional Long Short-Term Memory (BiLSTM)
networks and attention mechanisms have shown promising results, but their behavior under noisy and code-
mixed Indonesian text remains insufficiently understood. BiLSTMs capture dependencies in both directions,
improving contextual understanding, gradient flow, and long-term sequence [27], [28], [29]. Their versatility
across domains reinforces their reliability [30], while BERT embeddings [18], [31] combined with BiLSTM
sequential modelling [32] and attention for highlighting sentiment-relevant tokens [33], [34] have shown
promising performance but remain insufficiently analyzed under noisy and code-mixed conditions.

Nevertheless, research applying deep learning specifically to public insurance discourse in Indonesia
remains scarce. Prior studies have largely examined e-commerce or generic datasets, overlooking sector-
specific challenges such as informal linguistic expressions, cultural nuances, and policy-sensitive sentiment.
Moreover, existing works rarely address the policy relevance of sentiment analysis in public insurance, where
public trust directly influences service adoption, compliance, and long-term sustainability. Recent studies on
hybrid sentiment models in Bahasa Indonesia—such as IndoBERT combined with CNN or BiLSTM
variants—have shown promising improvements, but their robustness and scalability under noisy, imbalanced,
and code-mixed data remain underexplored. While previous hybrid sentiment studies focused mainly on e-
commerce or product reviews, no research has yet examined the unique linguistic and policy context of
Indonesia’s public insurance sector. This leaves an urgent need for robust, context-aware models tailored to
institutional trust monitoring and policy communication in the Indonesian public sector. Accordingly, this
study addresses a key research question: How can a hybrid BERT-BiLSTM-Attention model be developed
to achieve higher accuracy, robustness, and contextual relevance in analyzing public sentiment toward PT
Jasa Raharja, thereby supporting institutional trust monitoring and policy communication in Indonesia’s
public insurance sector?

To the best of our knowledge, limited studies have explored the application of hybrid BERT-BILSTM-
Attention architectures for sentiment analysis within the context of Indonesia’s public insurance domain,
particularly under conditions characterized by informal, noisy, and code-mixed social media text. While prior
works have demonstrated the effectiveness of combining transformer-based models with sequential and
attention mechanisms, these studies largely emphasize architectural modifications or performance
improvements in standard benchmark settings. In contrast, this study focuses on the systematic integration
and empirical evaluation of contextual embeddings (IndoBERT), sequential modeling (BiLSTM), and
attention mechanisms within a real-world, domain-specific setting. The primary contribution does not lie in
proposing a novel architectural component, but in examining how these complementary mechanisms interact
to improve robustness and generalization under challenging linguistic conditions, including slang, emoji
usage, and class imbalance. Furthermore, the study provides a comprehensive evaluation framework that
includes robustness testing under multiple perturbation scenarios, ablation analysis to quantify the
contribution of each component, and statistical validation using confidence intervals and significance testing.
This approach offers new empirical insights into the behavior and effectiveness of hybrid deep learning
models for sentiment analysis in Indonesian social media, particularly in applications related to public service
monitoring. Unlike prior works that focus on architectural innovation, this study emphasizes the systematic
integration and empirical evaluation of hybrid models under real-world conditions. The main contributions
of this study can be summarized as follows: (1) integration of a hybrid BERT-BILSTM-Attention
architecture for sentiment analysis in noisy and informal Indonesian social media text; (2) comprehensive
and reproducible evaluation across classical machine learning, deep learning, and transformer-based
baselines, supported by mean * standard deviation, 95% confidence intervals, statistical significance testing,
and ablation analysis; (3) robustness assessment under real-world conditions, including slang usage, emoji-
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rich content, code-mixed Indonesian—English text, and class imbalance; and (4) application of the proposed
framework for public sentiment monitoring in Indonesia’s social insurance domain, providing insights for
data-driven decision-making.

2. RESEARCH METHODS

This study employed a supervised deep learning approach to classify public sentiment related to
Indonesia’s national social insurance provider, Jasa Raharja, using a soft voting ensemble of BERT-BiLSTM-
Attention models. The methodology consisted of several stages as shown in Fig. 1. The stages are data
collection, preprocessing, model development and evaluation.

2.1 Data Collection

Tweets containing keywords and hashtags related to Jasa Raharja — such as “jasa raharja,” “asuransi,”
and “kecelakaan,” as well as hashtags including #JasaRaharja, #BUMNUntukIndonesia, and #SobatBUMN
— were collected from Platform X (formerly Twitter) using the official Twitter API. The data collection
period spans one year, from October 2022 to October 2023, allowing the dataset to capture temporal variation
in public sentiment and discussion trends. A total of 4,708 public tweets written in Bahasa Indonesia were
obtained. To ensure data relevance and quality, only original tweets were retained, while retweets, duplicated
posts, and spam content were removed through filtering procedures. This step reduces redundancy and
minimizes noise commonly found in social media data.

—» BiLSTM {qu uential —»  Sentiment Classification
Modeling)

Data Collection Attention (Feature Weighting) Evaluation

: Fully Connected
Data Preprocessin
! - Layer (Classification Head) o

IndoEERT Encoder
(Tokenization + Embedding)

Softmax —

Figure 1. Research Methodology of This Research

Each record consists of three primary attributes: (i) Created at, indicating the timestamp of the post;
(if) User Name, referring to the account identifier; and (iii) Full Text, containing the tweet content. These
attributes serve as the foundation for subsequent preprocessing and sentiment analysis. To support
reproducibility, the data collection process is described explicitly, including keyword selection, time range,
and filtering criteria. Due to platform policies and privacy considerations, the raw dataset cannot be publicly
distributed. However, tweet identifiers (IDs) and the data collection protocol can be provided upon request
in compliance with platform guidelines.

2.2 Data Annotation

The sentiment labeling process was conducted manually by a linguistically trained annotator with prior
experience in Indonesian sentiment analysis. Before annotation, the annotator was trained using predefined
guidelines and pilot examples to ensure consistent interpretation of sentiment categories. A structured
annotation protocol was established, defining explicit criteria for positive, negative, and neutral labels,
including guidelines for handling informal expressions, slang, sarcasm, and code-mixed Indonesian—English
text. Ambiguous cases were resolved using predefined decision rules. Since a single annotator was employed,
inter-annotator agreement metrics (e.g., Cohen’s Kappa) could not be computed. Since a single annotator was
used, no inter-annotator disagreement occurred. Instead, consistency was ensured through predefined
decision rules and intra-annotator validation. To mitigate this, an intra-annotator validation procedure was
performed by re-annotating a subset of the data at a different time, with results showing consistent labeling
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based on the defined criteria. The dataset comprises 4,708 tweets (30.2% positive, 22.0% negative, 47.8%
neutral), each including timestamp, username, text, and sentiment label (Table 1). We acknowledge that the
use of a single annotator is a limitation in terms of reliability. However, the use of an expert annotator is
essential for interpreting informal and code-mixed social media text. Future work will involve multiple
annotators to enable inter-annotator agreement analysis and further strengthen annotation validity.

2.3 Data Preprocessing

Preprocessing is a critical step in preparing Twitter text data for sentiment analysis. Tweets are often
informal and noisy, containing mentions, hashtags, URLSs, emojis, and slang words. To improve the quality
of the input, several steps were applied: case folding, noise removal (usernames, hashtags, URLS, numbers,
and unnecessary symbols), tokenization, stopword removal, stemming (only for TIF-IDF and Word2Vec),
and normalization of slang. Emojis were either removed or mapped to sentiment labels. These steps ensure
that the text is clean, standardized, and compatible with the IndoBERT tokenizer, allowing the model to better
capture sentiment-relevant patterns from the data.

2.3.1 Case Folding

Case folding was applied to convert all text to lowercase to reduce lexical variability in informal social
media data. Although IndoBERT is case-sensitive, inconsistent capitalization in user-generated content (e.g.,
“Bagus”, “BAGUS”, “baGus”) may introduce unnecessary variability and fragmented representations.
Standardizing text (e.g., “Bagus SEKALI!” — “bagus sekali!”) improves consistency prior to tokenization.
We acknowledge that this step may remove stylistic cues such as emphasis. However, in noisy Indonesian
social media text, reducing lexical variability is considered more beneficial than preserving such signals. This
design reflects a trade-off between normalization and stylistic information. While no dedicated ablation was
conducted for case folding, the overall robustness results indicate that this preprocessing step does not
negatively impact model performance.

Table 1. Example of Dataset

Created at User Full Text Label
Name
Sat Oct 28 bywellsoon ~ @dsyock ikut ngeluh juga teh. tanggal 19 september POSITIVE
18:46:25 +0000 kemarin ayah ku meninggal dunia karena kecelakaan
2023 ,mengakibatkan pendarahan hebat dibagian kepala dan

koma selama 8 hari.biaya rumah sakit ditanggung jasa
raharja,kini ayah ketemu sm ibu yang udah duluan
meninggal dunia

Sat Oct 28 12:59:20 Konsumen  @pt_jasaraharja Bgmn caranya agar kita bebas membayar

+0000 2023 Cerdik tunaidi RS jika terjadi kecelakaan kendaraan ? NEUTRAL
Fri Oct 20 13:16:55 Mdh_Sna @pt_jasaraharja Video tertanggal 19 Oktober 2023 NEGATIVE
+0000 2023 sekitar pukul 23:30 malam Korban langsung dibawa

oleh pihak keluarga kerumah sakit Imanuel bandung
Tanpa ada biaya tanpa ada arahan dari pihak yang
seharusnya hadir ditengah masyarakat karena
ketidaktahuan Merujuk UU Nomor 34 tahun 1964
https://t.co/Rk2T5HQOgF

2.3.2 Noise Removal

Noise removal is applied to eliminate irrelevant elements while preserving sentiment-bearing
information. Mentions (@username) and URLSs are removed as they do not contribute to sentiment polarity.
For hashtags, rather than removing them entirely, only the “#” symbol is stripped while retaining the
associated word (e.g., “#kecewa” becomes “kecewa’). This ensures that sentiment information embedded in
hashtags—such as emotional affirmation, intensification, or sentiment summarization—is preserved.
Numbers and excessive symbols are selectively removed when they do not convey meaningful sentiment
(e.g., reducing repetitive punctuation such as “!!!”). Overall, this step balances noise reduction with the
preservation of sentiment-relevant signals, ensuring informative input for IndoBERT -based processing.
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2.3.3 Tokenization

Tokenization divides text into smaller units (tokens) to enable effective language processing. In this
study, tokenization was performed using the WordPiece tokenizer from the HuggingFace Transformers
library to ensure compatibility with IndoBERT. For example, “saya suka produk ini” is tokenized into [saya,
suka, produk, ini]. To ensure uniform input representation, a fixed maximum sequence length was applied.
Sequences shorter than this length were padded with [PAD] tokens, while longer sequences were truncated
using a post-truncation strategy. Padding was also applied post-sequence to maintain alignment across
batches. This approach ensures consistent input dimensions and efficient model training.

2.3.4 Stopword Removal

Stopword removal is applied to eliminate frequently occurring words with limited standalone semantic
value (e.g., “yang”, “di”, “ke”, “dan”) for non-transformer models such as TF-IDF, Word2Vec, and fastText.
This step reduces noise and sparsity, allowing these models to focus on sentiment-bearing terms (e.g., “saya
suka dengan produk ini” — “suka produk”). For transformer-based models (e.g., IndoBERT), stopword
removal is not applied, as these models are pretrained on natural text where stopwords contribute to contextual
and syntactic understanding. Applying stopword removal to transformers may disrupt their learned
representations. To ensure a fair comparison, each preprocessing pipeline is aligned with the characteristics
of the corresponding model. Specifically, traditional models rely on explicit feature representations that
benefit from stopword removal, while transformer models inherently learn contextual importance, including
the role of stopwords. This design reflects model-specific optimization rather than inconsistency in the
experimental setup.

2.3.5 Stemming / Lemmatization

Stemming or lemmatization is applied to reduce words to their base form to address the morphological
richness of the Indonesian language (e.g., “membayar” and “dibayarkan” — “bayar”). This process is
performed using the Sastrawi library to improve lexical consistency and reduce vocabulary sparsity, which
is particularly beneficial for non-transformer models such as TF—IDF and Word2Vec. For transformer-based
models, stemming is not applied. Instead, the original text is preserved and processed using subword
tokenization (WordPiece), which inherently captures morphological variations. This model-specific
preprocessing ensures that each approach operates under appropriate conditions without introducing
redundant transformations.

2.3.6 Slang Normalization

Slang normalization is applied to convert informal or abbreviated words commonly used in Indonesian
social media into their standard forms (e.g., “gmn” — “bagaimana”, “bgt” — “banget”), reducing lexical
variability and improving alignment with IndoBERT’s vocabulary. The normalization is performed using a
predefined dictionary compiled from publicly available Indonesian slang resources and common social media
usage patterns. We acknowledge that dictionary-based normalization may introduce bias, as it relies on fixed
mappings and may not fully capture contextual nuances or evolving slang. To mitigate this, normalization is
applied selectively to well-defined and frequently used abbreviations, while ambiguous expressions are
preserved in their original form. This approach balances noise reduction with the preservation of linguistic
variability.

2.3.7 Emoji and Emoticon Handling

Emoji and emoticon handling is applied to capture sentiment signals embedded in non-textual symbols
commonly used in social media. In this study, emojis are not directly mapped to sentiment labels; instead,
they are converted into predefined textual tokens (e.g., — “positive_emoji”, — “negative_emoji”)
based on a standardized emoji lexicon. This approach preserves emotional information while avoiding direct
label assignment that could introduce label leakage. Emojis that are ambiguous or context-dependent are
retained or removed without forced mapping to prevent misrepresentation. Overall, this step enhances
sentiment representation while maintaining the integrity of the learning process for IndoBERT.
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2.3.8 Final Preparation

Final preparation involves transforming the cleaned text into a format compatible with IndoBERT.
After preprocessing, the text is tokenized using the IndoBERT WordPiece tokenizer, which converts words
or subwords into numerical token IDs corresponding to the model’s vocabulary. For example, the sentence
“produk bagus sekali” may be transformed into a sequence such as [101, 5678, 2345, 2021, 102]. To support
transformer-based processing, an attention mask is also generated alongside the token IDs. The attention
mask distinguishes valid tokens from padding tokens by assigning a value of 1 to actual tokens and O to
padding positions. This ensures that the model focuses only on meaningful input tokens during training and
ignores padded elements. This preprocessing pipeline ensures consistent input representation, enabling
IndoBERT to effectively capture sentiment-related patterns and produce robust classification performance.

BiLSTM Layer
(Forward + Backward Dependencies)

Attention Mechanism
(Weighted Sum of BiLSTM Outputs)

v

Fully Connected Layer + Softmax
(Final Sentiment Classification)

Figure 2. Hybrid BERT-BiLSTM-Attention Model

2.4. Model development

The proposed model employs a hybrid BERT-BiLSTM-Attention architecture for sentiment analysis
of Indonesian social media text. While this combination is not novel, the contribution of this study lies in its
systematic integration and empirical evaluation under challenging real-world conditions, including informal
language, slang, code-mixing, and class imbalance. In this framework, BERT generates contextual
embeddings, which are further processed by a BiLSTM layer to capture sequential dependencies and
sentiment transitions not fully modelled by transformer representations alone. An additive attention
mechanism is then applied to emphasize sentiment-relevant tokens, improving focus on informative parts of
the sequence. To enhance robustness and generalization, multiple configurations are evaluated using varying
hyperparameters rather than relying on a single setting. Unlike prior work that emphasizes architectural
novelty, this study focuses on robustness-oriented design and empirical validation. The contributions are
threefold: (1) analysing the complementary roles of sequential modelling and attention in transformer-based
representations, (2) evaluating model robustness under realistic perturbations, and (3) demonstrating stable
performance across multiple configurations. The overall framework is illustrated in Fig. 2.

2.4.1. BERT Encoder

The BERT encoder is the first stage of the proposed hybrid model. In this study, the IndOBERT-base
model is employed as the contextual feature extractor. After preprocessing and tokenization, each tweet is
split into WordPiece sub-tokens and mapped to vocabulary IDs. For each position, BERT constructs an input
representation by summing token, segment, and positional embeddings, which are then processed through a
stack of Transformer encoder layers. Within each layer, multi-head self-attention enables each token to attend
to all others, producing contextualized embeddings that capture semantic and syntactic dependencies across
the sequence. Trained on large-scale Indonesian corpora, IndoBERT-base provides rich representations
suitable for downstream sentiment analysis. In this architecture, BERT serves as a feature extractor, where
the token-level sequence outputs from the final encoder layer (as defined in Eq. (1)) are used as inputs to the
subsequent BiLSTM layer for sequential modelling.
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H® = [hy; ...;hy] € R, 1)

where n is the number of tokens. d is the embedding dimension. Each h; already encodes contextual semantic
and syntactic information.

2.4.2. BILSTM Layer

The contextual embeddings generated by BERT are subsequently passed to a BiLSTM layer to capture
sequential dependencies. Although BERT is inherently bidirectional, it models global context through parallel
self-attention. In contrast, BiLSTM explicitly captures sequential and local context transitions, which are
particularly relevant in informal Indonesian text, such as negation patterns and multi-clause expressions. To
validate its contribution, an ablation study (Table 6) is conducted, where removing the BiLSTM layer results
in a performance decrease. This indicates that BILSTM provides complementary information rather than
redundant processing.

Forward LSTM

It processes the embeddings from the first token to the last token, from h, to h,,, capturing past-to-future
dependencies as defined in Eq. (2).

hfvd = LSTM (he_q, xp). (2

In Eq. (2), h; denotes the hidden state at time step ¢, representing the updated contextual information
after processing the current token. The term h,_; is the hidden state from the previous time step, which carries
information from all preceding tokens and enables the model to capture past dependencies. The variable
x, refers to the input embedding of the t-th token, containing its semantic and syntactic features. The function
LSTM(-) takes the previous hidden state and the current input embedding to compute the new hidden state
through its internal gating mechanisms.

Backward LSTM
It processes the embeddings in reverse, from h,, to h,, capturing future-to-past dependencies as defined in
Eq. (3).

he"? = LSTM (hey1, %), €)

Concatenation
At each time step t, the forward and backward hidden states are concatenated to form a unified and context-
enriched token representation, as expressed in Eq. (4).

hf’iLSTM — [h{Wd; h?Wd] € R2dism, (4)
As a result, the BILSTM layer produces a new sequence of representations, as defined in Eq. (5).

i iLS iLS (LS’
HBlLSTM — [hfLL TM'hglL TM’ ...,hglL TM]' (5)

This combination ensures that the model does not only rely on BERT’s context-aware embeddings but
also incorporates explicit sequential order information, which is especially important for languages like
Bahasa Indonesia where word order and negations (e.g., “tidak bagus” vs “bagus”) can drastically change
sentiment meaning. Thus, BiLSTM enriches the BERT embeddings with directional temporal context,
preparing them for the subsequent attention mechanism to highlight the most sentiment-relevant words.

2.4.3. Attention Mechanism

On top of BILSTM outputs, an attention mechanism is after passing through the BiLSTM, each token
in the sequence is represented by a hidden state that combines both forward and backward contextual
information, as represented in Eq. (6).

HBiLSTM — [hfiLSTM, hgiLSTM, - hgiLSTM]- (6)
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While these representations are rich, not every word in a tweet contributes equally to determining
sentiment. For example, in the sentence “Pelayanan cepat tetapi mahal”, the word “mahal” carries more
weight in shaping the negative sentiment than “cepat”. To address this, we apply an attention mechanism,
which dynamically assigns importance scores to each token.

The attention process works as follows:
1. Intermediate Representation
Each BiLSTM output is projected into a hidden space using a nonlinear transformation, as defined
in Eq. (7).
u; = tanh( W,hBE™ 4 b)), 7

where W, and b, are trainable parameters, and u; is the intermediate representation of token i.
2. Attention Weights
A similarity score is computed between each u; and a learnable context vector w, . This score is
then normalized across all tokens using a Softmax function which is defined by Eqg. (8).
exp (ui Wa)
j=1 exp(uf W)

(8)

a; =

The resulting a; represents the attention weight for token i, i.e., its relative importance in the
sequence.

3. Weighted Sentence Representation

The final sentence vector s is obtained as a weighted sum of the BiLSTM hidden states, as defined
in Eq. (9).

s =Xl aihi ™. ©)

This mechanism ensures that sentiment-relevant words receive higher weights while less
informative words contribute less to the final representation. As a result, the model can focus more
effectively on the parts of the tweet that determine its overall sentiment.

The output vector s is then passed into a fully connected classification layer with a softmax function
to produce the final sentiment label (positive, negative, or neutral). The Softmax function is an activation
function that converts a vector of real numbers (called logits) into a probability distribution, where all
probabilities add up to 1. For an input vector z = [z4, z,, ..., Zx], the Softmax function is defined as Eq. (10).

=K Lz (10)

where eZt is the exponential of the i-th score. The denominator sums all exponentials, ensuring probabilities
sumto 1. a(z;): the predicted probability for class i.

Although the attention mechanism used in this study follows a standard additive formulation, it is
employed to provide token-level weighting over BiLSTM outputs, enabling the model to emphasize
sentiment-relevant words. This is particularly important in informal Indonesian social media text, where
sentiment is often concentrated in specific tokens. An ablation study (Table 6) shows that removing the
attention layer leads to a decrease in performance, indicating its complementary contribution rather than
redundancy.

2.5. Model Evaluation

The evaluation framework was designed to assess performance, robustness, and generalization of the
proposed Hybrid BERT-BILSTM-Attention model. Four metrics were used: Accuracy, Macro Precision,
Macro Recall, and Macro F1-score to ensure balanced evaluation under class imbalance. Results are reported
as mean = standard deviation over five runs, with 95% confidence intervals to capture variability. ROC curves
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and AUC values were computed per class, while statistical significance was evaluated using paired t-tests (p
< 0.05). Additionally, effect size (Cohen’s d) is reported to quantify the magnitude of performance
differences. Further analysis includes ablation studies to assess the contribution of BERT, BiLSTM, and
attention components, learning curves to evaluate sample efficiency, and robustness testing under controlled
perturbations (e.g., slang, elongation, emoji, code-mixing, and class imbalance). Performance degradation
was measured relative to the clean baseline. To ensure reproducibility, the dataset was split into training and
testing sets (80:20) with a fixed random seed. Experiments were repeated five times with different seeds, and
the test set was strictly held out to prevent data leakage. All evaluation procedures were applied consistently
across models to ensure fair comparison.

Table 2. Hyperparameters Setup of BERT, BiLSTM and Attention

Hyperparameter Typical Range /
Component Hyperparameter values of This Value based on Notes / Iéehco_mmended References
Research References olce
BERT Learning Rate 2e-5 le-5 - 5e-5 Optimal values often [35], [36]
around 2e-5 or 3e-5
Batch Size 32 (train) 16 - 128 32 or 64 commonly [37], [38]
used; larger sizes if
GPU memory allows
Epochs 5 3-10 4-5 sufficient to prevent [36]
overfitting
Max Sequence 256 128 — 512 256 for efficiency, 512 [37]
Length for full context
Dropout Rate 0.1 0.1-03 0.1 is default in BERT- [39]
Base
Warm-up Steps 10% of total steps 10-20% of total ~ Helps stabilize training [40]
steps at the start
Weight Decay 0.01 0.01-0.1 Commonly set at 0.01 [41]
Optimizer Adamw Adam / AdamW  AdamW preferred for [42]
better generalization
Learning Rate le-4 le-3-1e-5 Typically 1e-4 for [43], [44]
sentiment and time
series tasks
Batch Size 32 16 - 64 32 is widely adopted [44]
Epochs 25 10-50 20-30 epochs usually  [45], [46]
. optimal; monitor
BILSTM validation loss
Max Sequence 128 (token-level for 50 — 200 tokens Adjusted to dataset, [47]
Length RNN input) often 100-128 in NLP
tasks
Dropout Rate 0.3 0.2-05 0.3 frequently reported [48]
as effective
Learning Rate le-4 (same optimizer le-5-1e-3 le-4 or 5e-5 yields [49], [50]
as BiLSTM) stable training
Batch Size 32 16 — 64 (up to 32-64 optimal; larger [51]
128/256) sizes if resources permit
Epochs 25 10-50 20-40 to capture [52]
complex relationships
Dropout Rate 0.3 0.1-05 0.3 balances [50], [52]
generalization and
performance
Attention Attention Heads N/A (additive 4-16 8 commonly adopted  [50], [53]
attention)
Model Dimension 256 128 — 512 256 often used as a [52], [54]
(d_model) starting point
Sequence Length 128 50 — 512 tokens  128-256 for efficiency, [49]
512 for full coverage
Weight Decay le-4 le-5-—1e-2 le-4 often [51]
recommended
Optimizer Adam Adam / AdamW  Adam widely used for [55]

attention-based models
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2.6. Experimental Setup

The experimental setup was designed to evaluate the proposed hybrid BERT-BiILSTM-Attention
model in a controlled and reproducible environment. The workflow consists of four stages: data collection,
preprocessing, model construction, and evaluation. A total of 4,708 Indonesian tweets related to PT Jasa
Raharja were collected via the Twitter API, retaining only original posts after removing retweets and spam.
Each record includes timestamp, username, text, and sentiment label (positive, negative, neutral).
Preprocessing involved case folding, noise removal (mentions, URLS, symbols), slang normalization, and
emoji handling. For non-transformer models, additional steps such as tokenization, stopword removal, and
stemming (Sastrawi) were applied. In contrast, transformer-based models used the IndoBERT WordPiece
tokenizer without stopword removal or stemming to preserve contextual information. The proposed model
integrates INdoBERT embeddings with BILSTM and an attention mechanism. The dataset was split into
training and testing sets (80:20) using a fixed random seed (42). Multiple configurations were evaluated under
consistent hyperparameter settings (Table 2) to ensure fair comparison. Performance metrics were computed
on the held-out test set. Three model families were benchmarked: (i) traditional machine learning (LogReg,
SVM, NB with TF-IDF), (ii) deep learning (LSTM, BIiLSTM, TextCNN with Word2Vec/fastText), and (iii)
transformer-based models (IndoBERT and mBERT). All experiments were implemented in Python (PyTorch,
Transformers, PyTorch Lightning) and executed on an NVIDIA RTX 3060 GPU with mixed precision (FP16)
to ensure computational efficiency and reproducibility.

3. RESULTS AND DISCUSSIONS

In this section, the performance of the proposed Hybrid BERT-BILSTM-Attention model is evaluated
and compared against multiple baseline approaches, including traditional machine learning classifiers, deep
learning architectures without transformers, and transformer-based models. As summarized in Table 3, the
proposed hybrid model consistently outperforms all baselines in terms of classification accuracy, robustness
to noisy data, and statistical reliability, confirming its effectiveness for sentiment analysis in the context of
Indonesia’s public insurance sector.

Table 3. Performance Comparison of Models on the Test Set
(Mean + Standard Deviation and 95% Confidence Interval over Five Runs)

Model Accuracy 95% Cl  _MaCro ggop o) Macro g0 0 Macro - go0 o)
Precision Recall F1 Score

;‘;g'rsets'scion (rp. 072 £ 0701 071+ 0689~ 071 + 0690 071 + 0690-
oD 0015 0739 0017 0731 0016 0730 0016 0730
Linear SYM (TF- 074  + 0724~ 074  + 0723~ 073 + 0711~ 074 + 0723
IDF) 0013 075 0014 0757 0015 0749 0014 0757
Multinomial Naive 070  + 0.678- 069  + 0.666- 070 + 0673~ 069 + 0.666-
Bayes(TF-IDF) 0018 0722  0.019 0714 0018 0722 0019 0714
LSTM 077 + 075 077 + 0754 076 * 0745 077 + 0755
(Word2Vec) 0012 0785 0013 0786 0012 0775 0012  0.785
BILSTM 078 + 0766~ 078 + 0.765- 077 * 0754 078 + 0.765
(Word2Vec) 0011 0794 0012 0795 0013 0786 0012 079
TextCNN 077 + 075 077  + 0754 076 * 0743 077 + 0754
(FastText) 0012 0785 0013 0786 0014 0777 0013 0786
INdoBERT ~ (fine- 083 + 0818~ 083  + 0816~ 082 + 0805 083 * 0816
tuned) 0010 0842 0011 0844 0012 0835 0011 0844
yond, BERTT 085+ 0830~ 085+ 0838- 084 + 0826- 08 <+ 0838
STV 0009 0861  0.010 082 0011 0854 0010 0862

Note: Results are reported as mean + standard deviation over five independent runs. The 95% confidence intervals are
computed using the t-distribution (n =5, t = 2.776).

The proposed hybrid BERT-BiLSTM-Attention model was benchmarked against three categories of
baselines: (i) traditional machine learning models with TF—IDF features, (ii) deep learning models using
Word2Vec and fastText embeddings, and (iii) transformer-based IndoBERT. As shown in Table 3,
performance improves progressively across model families. Traditional models achieve accuracy between
0.70-0.74 (e.g., Logistic Regression: 0.72, 95% CI: 0.701-0.739), reflecting limited contextual
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understanding. Deep learning models improve performance to 0.77-0.78 (e.g., BiLSTM: 0.78, 95% CI:
0.766-0.794) by capturing sequential patterns, but remain constrained by static embeddings. IndoBERT
further enhances performance (Accuracy = 0.83, 95% CI: 0.818-0.842) through contextual representations.
The hybrid model achieves the highest performance (Accuracy = 0.85, Macro-F1 = 0.85), demonstrating the
benefit of integrating contextual (BERT), sequential (BiLSTM), and attention-based representations. Tables
3 and 4 confirm consistent improvements across all metrics. These gains are supported by confidence
intervals and statistical tests, showing significant improvements over traditional and deep learning models (p
< 0.001) and a reliable improvement over IndoBERT (p = 0.027). This performance advantage reflects the
complementary roles of the model components: BERT captures contextual semantics, BiLSTM models
sequential dependencies, and attention emphasizes sentiment-relevant tokens. Together, they enable more
robust and precise sentiment classification in informal and context-dependent Indonesian social media.

Table 4. Statistical Significance of Macro-F1 Score Differences (Test Set).

Comparison Macro F1 (A) Macro F1 (B) p-value
Hybrid vs LogReg 0.85 0.71 <0.001
Hybrid vs SVM 0.85 0.74 <0.001
Hybrid vs Naive Bayes 0.85 0.69 <0.001
Hybrid vs LSTM 0.85 0.77 0.003
Hybrid vs BiLSTM 0.85 0.78 0.004
Hybrid vs TextCNN 0.85 0.77 0.004
Hybrid vs IndoBERT 0.85 0.83 0.027
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Figure 3. ROC Curves (One-vs-Rest) for Each Sentiment Class Resulted by a Hybrid BERT-BILSTM-Attention
Model

The Hybrid BERT-BiLSTM-Attention model demonstrates strong discriminative performance across
sentiment classes, as shown in Fig. 3. The Precision—Recall curves yield high Average Precision (AP) scores:
0.880 (positive), 0.860 (neutral), and 0.895 (negative), indicating consistent precision across varying recall
levels, even under class imbalance and noisy conditions. The negative class achieves the highest AP,
reflecting the model’s effectiveness in capturing explicit complaint-related expressions, while the lower
performance for the neutral class highlights its inherent ambiguity and context dependence. This performance
is driven by the complementary roles of the model components: BERT captures contextual semantics,
BiLSTM models sequential dependencies, and attention emphasizes sentiment-relevant tokens. Together,
these enable the model to effectively capture both explicit and implicit sentiment cues, including negation
and multi-clause structures. Overall, the results confirm that the hybrid architecture provides robust and
balanced performance, making it well-suited for sentiment analysis in noisy and informal Indonesian social
media.
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Table 5. Training Cost Summary (Mean+SD over 3 Runs)

Model #Params (Million) Train/epoch (min) Total train (min)
Logistic Regression (TF-IDF) N/A 0.6+0.1 3.0£0.2
Linear SVM (TF-IDF) N/A 09+0.1 45+0.3
Multinomial Naive Bayes N/A 0.3x0.1 1.5+£01
BiLSTM (Word2Vec) 2.8 3.1+02 18.5+0.6
TextCNN (fastText) 2.1 24+0.2 142+0.5
IndoBERT (fine-tuned) 109 75+04 44012
Hybrid BERT-BILSTM-Attention 111 9.0+0.5 520+15

As shown in Table 5, computational cost increases progressively across model families. TF—IDF-based
classifiers are the most efficient (1.5-4.5 minutes) due to their simple linear structure, while neural models
such as BILSTM and TextCNN require longer training times (14.2-18.5 minutes) due to sequential and
convolutional operations. Transformer-based models, including IndoBERT and the proposed hybrid model,
incur substantially higher costs given their large parameter sizes (109M-111M). The hybrid BERT-
BiLSTM-Attention model requires the longest training time (52.0 £ 1.5 minutes), reflecting the added
complexity of sequential and attention layers. Despite this, it achieves the highest performance (Accuracy =
0.85; Macro-F1 = 0.85) and demonstrates improved robustness and generalization. These results highlight a
clear performance—efficiency trade-off: increased model complexity leads to higher computational cost but
yields measurable gains in classification quality. This makes the hybrid model suitable for applications where
accuracy and reliability are prioritized over computational efficiency, particularly in noisy and complex
Indonesian social media settings.

Table 6. Ablation of Model Components (Test Set)

Model Variant Accuracy Macro-F1 AF1 A (%) Interpretation
Full Model .
(BERT + BIiLSTM + Attention) 0.84 0.82 — — Baseline model
w/o BiLSTM 0.82 080  —0.02 -2.449 LOSSOfsequentialtransition
modeling
w/o Attention 0.83 081 001 122y educed focuson sentiment

critical tokens

Table 6 presents the ablation results to assess the contribution of each component in the proposed
hybrid architecture. The full model achieves the highest performance (Macro-F1 = 0.82), serving as the
baseline for comparison. Removing the BiLSTM layer results in a performance drop of 0.02 (—2.44%),
indicating its important role in capturing sequential dependencies and sentiment transitions across clauses.
This finding aligns with the nature of informal Indonesian social media text, where sentiment is often
expressed through multi-clause structures and contrastive patterns. Similarly, excluding the attention
mechanism leads to a decrease of 0.01 (—1.22%) in Macro-F1, demonstrating its contribution in emphasizing
sentiment-critical tokens. Without attention, the model tends to distribute importance more uniformly across
tokens, reducing its ability to focus on decisive sentiment cues. Overall, the results show that both BiLSTM
and attention contribute complementary benefits. While BiLSTM enhances the modeling of sequential
sentiment transitions, attention improves token-level discrimination. The performance degradation observed
in both ablated variants confirms that the proposed architecture does not rely on redundant components, but
instead benefits from the interaction between contextual (BERT), sequential (BiLSTM), and attention-based
representations. These findings provide strong empirical evidence supporting the necessity of integrating
BiLSTM and attention layers, particularly for handling complex sentiment patterns in informal and noisy
Indonesian text. While this study focuses on component-level ablation, further exploration of architectural
variations such as BiLSTM depth and attention configurations remains an important direction for future work.

Table 7. Robustness Evaluation under Noisy and Imbalanced Conditions

Scenario IndoBERT (fine-tuned) Hybrid
Baseline (clean) 0.83 +0.011 0.85 +0.010
+ Slang/abbreviation injection 0.81 £ 0.012 0.83+0.011
+ Character elongation (<3 repetitions) 0.81 +0.012 0.83 +0.011
+ Emoji and hashtag intensive 0.82 +0.012 0.84 +0.011
Code-mix (ID-EN subset) 0.80+0.013 0.83+£0.012
Minority downsampling (negative —30%) 0.79 £0.013 0.82 £0.012
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To evaluate robustness under realistic noisy conditions, several inference-time perturbations were
introduced, including slang insertion, character elongation, emoji and hashtag injection, code-mixing
(Indonesian—English), and class imbalance. As shown in Table 7, both IndoBERT and the Hybrid BERT—
BiLSTM-Attention model exhibit only modest performance degradation (0.02-0.03 Macro-F1). Notably, the
hybrid model consistently outperforms IndoBERT across all scenarios, indicating stronger robustness to
linguistic variations. This improvement is driven by the complementary integration of model components.
While IndoBERT captures contextual semantics, it does not explicitly model sequential dependencies. The
addition of BiLSTM enables better handling of word-order and context-dependent patterns, such as negation.
The attention mechanism further enhances performance by emphasizing sentiment-relevant tokens and
reducing the influence of noise. Overall, these results demonstrate that the hybrid model maintains stable
performance under diverse perturbations, highlighting its suitability for real-world sentiment analysis in noisy
Indonesian social media.

Table 8. Out-of-Time Evaluation: Temporal Generalization across Consecutive Periods

Model In-time F1 OOTF1 A (Absolute / Relative Change)
IndoBERT (fine-tuned) 0.83+0.011 0.79+0.013 —0.04 / —4.8%
Hybrid 0.85+0.010 0.82+£0.012 —0.03 / -3.5%

To assess temporal generalization, an Out-of-Time (OOT) evaluation was conducted by training the
models on data from month t and testing on unseen data from month t + 1, thereby simulating temporal drift
in sentiment expression. As summarized in Table 8, both IndoBERT and the Hybrid BERT-BILSTM-
Attention model exhibit performance degradation under this setting, reflecting the impact of evolving
language use, topical shifts, and changes in sentiment distribution over time. Specifically, IndoBERT’s
Macro-F1 decreases by 0.04 (—4.8%), while the hybrid model shows a smaller reduction of 0.03 (—3.5%),
indicating improved resilience to temporal drift. This result suggests that the integration of sequential
modeling and attention mechanisms enables the hybrid architecture to better adapt to shifts in linguistic
patterns compared to transformer-only approaches. Overall, these findings demonstrate that the proposed
hybrid model maintains more stable performance under temporally shifted data, highlighting its potential for
real-world sentiment analysis scenarios where data distributions evolve over time.
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Figure 4. Learning Curves (Macro-F1 Score) vs. Fraction of Training Data.

Asillustrated in Fig. 4, model performance improves consistently with increasing training data. Across
all data fractions, the Hybrid BERT-BILSTM-Attention model outperforms IndoBERT, indicating better
learning and generalization under limited data conditions. Notably, the hybrid model achieves approximately
0.84 Macro-F1 using only 75% of the data, suggesting strong sample efficiency. This can be attributed to the
complementary integration of contextual embeddings (BERT), sequential modeling (BiLSTM), and attention
mechanisms, which enhance semantic understanding, capture dependencies, and emphasize sentiment-
relevant tokens. These results highlight the model’s robustness, particularly in scenarios where labeled data
are limited.

As shown in Table 9, performance improves progressively from traditional machine learning to deep
learning and transformer-based models. Classical methods (LogReg, SVM, NB) rely on surface features and
are prone to errors in negation and contrast (e.g., “Gratis tapi antrian parah”). While BiILSTM and TextCNN
improve sequential modeling, they remain limited by static embeddings. IndoBERT provides stronger
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contextual understanding but may struggle with multi-clause sentiment structures. In contrast, the hybrid
model better captures sentiment transitions, as seen in “Pelayanan mantap... nunggu lama”, where IndoBERT
predicts positive while the hybrid model correctly identifies negative sentiment. This improvement is driven
by the complementary roles of BILSTM and attention, resulting in more robust handling of complex
sentiment patterns.

Table 9. Prediction Comparison Across Model Architectures

True Log Bi- Text-  Indo- . .
No Text Label Reg SVM NB LSTM CNN BERT Hybrid Key Observation
All models
Pelayanan correctly capture
1  cepatdan POS POS POS POS POS POS POS POS y Pl
clear positive
membantu .
sentiment
NB fails due to
Bayar mahal word
2  tapipelayanan NEG NEG NEG POS NEG NEG NEG NEG :
| independence
ama -
assumption
Traditional
g Kadangbagus \rr-  NEG NET NEG NET  NET NET  NET  Models  struggle
kadang ribet with mixed
sentiment
Lumayan tapi Word-based
4 perlu NET POS POS POS NET POS NET NET models biased
ditingkatkan toward “lumayan”
. . LogReg & NB
5 Cratis tapi NEG POS NEG POS NEG NEG NEG NEG  biased  toward
antrian parah gyt <
gratis
Tidak buruk Classical models
6  tapitidak NET NEG NEG NEG NET NEG NET NET fail on negation
bagus patterns

The proposed hybrid model introduces higher computational complexity due to the integration of
transformer, sequential, and attention components, reflecting a trade-off between performance and efficiency.
While the model achieves improved accuracy and robustness, inference latency was not explicitly measured,
which represents a limitation. Given its architectural complexity, inference time is expected to be higher than
that of simpler baselines. Future work will include detailed analysis of computational efficiency, including
latency and scalability for real-time deployment. Despite its promising performance, this study has several
limitations. The relatively small dataset (4,708 tweets) may limit generalizability, and the higher
computational cost may pose challenges for large-scale or real-time applications. Future work will focus on
expanding datasets, improving efficiency, and exploring advanced architectures, including benchmarking
against recent large language models (LLMs) and integrating parameter-efficient techniques to enhance
scalability and performance.

4. CONCLUSION

This study proposes a hybrid BERT-BIiLSTM-Attention model for sentiment analysis of Indonesian
social media in the public insurance domain. The results show consistent performance improvements over
traditional, deep learning, and transformer-based baselines (Accuracy = 0.85, Macro-F1 = 0.85), with
statistical validation (confidence intervals, significance testing, and effect size) confirming the reliability of
these gains. The model also demonstrates robustness under noisy, code-mixed, and evolving data conditions.
The contribution of this work lies not in architectural novelty, but in the systematic integration and empirical
evaluation of contextual, sequential, and attention-based representations. The findings indicate that these
components provide complementary benefits, particularly in capturing sentiment transitions and multi-clause
structures in informal text. Practically, the model supports data-driven sentiment monitoring for public
institutions. However, limitations include a relatively small dataset, higher computational cost, the absence
of inference latency analysis, and a component-level (rather than architectural) ablation study. Future work
will address these aspects by expanding datasets, evaluating computational efficiency, and exploring
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advanced architectural configurations, including LLM-based and parameter-efficient approaches. Overall,
this study provides empirical insights into the effectiveness of hybrid models for sentiment analysis in noisy
Indonesian social media.
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